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Although Electronic Health Record (EHR) systems have recently achieved 
widespread adoption in the U.S., our understanding of their impact on care outcomes is 
still limited. Current literature has produced mixed results due to the use of non-
standardized measurements and weak research designs. In this dissertation, 4 studies are 
conducted to develop a systematic methodology for detecting near real-time performance 
changes during EHR implementations. It also explores factors that can affect outcomes 
during a commercial EHR implementation. 
The first study assesses the current state of the literature on health IT adoption to 
identify the most commonly reported outcome measures and proposes a taxonomy to 
classify these measurements.    
The second study expands the first study by identifying additional measures through 
semistructured interviews with experienced clinical and administrative leaders from a 
large care delivery system. We also collect input from national informatics experts who 
suggested additional relevant measures.  
The third study is a robust longitudinal analysis including several measures from our 
larger inventory that were used for monitoring a large-scale commercial EHR 
implementation and detected patterns of impact and mixed time-sensitive effects across 
geographically dispersed settings from an integrated care delivery system.  
The fourth study is a qualitative analysis guided by the quantitative results of the third 
iv 
 
study. We identified several factors that may have contributed to performance changes 
detected by our methodology. 
In summary, this dissertation will help the broader medical and informatics 
communities by informing what and how to continuously monitor future similar 
implementations. First, it contributes to the identification of relevant outcomes likely 
impacted by health IT interventions. Second, it combines these outcome measures with a 
robust interrupted time-series design, producing a systematic methodology that allows 
earlier and potentially more precise detection of unexpected effects, and implementation 
of effective response to mitigate negative impacts. Last, the identification of factors that 
may impact outcomes during and following an EHR implementation and covariates to 
measure them will empower researchers in charge of future evaluations, hopefully 
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1.1 Objectives and Research Questions 
The overall goal of this dissertation is to develop a systematic methodology for 
detecting near real-time performance changes during electronic health record (EHR) 
system implementations and to increase our understanding of the full impact of such 
interventions. Adoption and use of multifunctional EHR systems have significantly 
increased in the U.S. [1-2], partially due to positive outcomes associated with such tools 
[3-5], and financial incentives provided by the U.S. federal government [6-7]. As a result 
of the increased use and adoption of EHRs, the literature on this topic has also increased 
[8]. However, due to the use of simple, nonstandardized measurements and limitations in 
research designs and reporting, previous studies have produced mixed results, leaving 
unanswered questions as to the impact of health IT adoption. The main hypothesis of this 
dissertation is that our proposed methodology allows detection of a broad range of time-
sensitive performance changes introduced by a commercial EHR implementation on 
quality, productivity and safety outcomes, and that complementary changes, associated or 
not with the new EHR, may affect these outcomes.       






1. Aim 1: To identify the most commonly reported outcome measures for assessing 
health IT interventions. Research questions: What are the most commonly reported 
outcome measures for assessing health IT interventions (Chapter 3)? Do commonly used 
measures allow development of a taxonomy by which such measures could be classified?  
2. Aim 2: To assess whether the most commonly reported measures from the literature 
provide comprehensive coverage of care processes likely impacted by health IT adoption. 
Research questions: Do the most commonly reported measures from the literature 
provide comprehensive coverage of care processes likely impacted by health IT 
interventions (Chapter 4)? What are the most relevant outcome measures for assessing 
EHR implementations according to subject-matter experts? 
3. Aim 3: To test a methodology for detecting performance changes and patterns of 
impact on quality, productivity, and safety outcomes during a large-scale EHR 
implementation. Research question: Can a systematic methodology using outcome 
measures likely impacted by EHR implementations detect patterns of impact across 
geographically dispersed settings of a phased EHR implementation (Chapter 5)? 
4. Aim 4: To identify factors impacting quality, productivity, and safety outcomes 
during a large commercial EHR implementation. Research questions: What factors can 
impact care outcomes during a commercial EHR implementation (Chapter 6)? What 
covariates with data available in electronic format can be measured for monitoring factors 
affecting care outcomes during an EHR implementation?     






1.2 Rationale for Analysis 
Although adoption and use of EHR systems have increased in the U.S., especially 
since 2011 when the first stage of the Meaningful Use program started to be implemented 
[1-2], our understanding of how they impact health care organizations and health care 
outcomes is still limited. While some studies show positive results associated with health 
IT adoption, such as improving productivity [9] and quality of care [10], and diminishing 
errors and health care cost [11-12], others show the opposite, even within highly 
computerized environments [13-15]. In a recent systematic review commissioned by the 
Office of the National Coordinator for Health IT (ONC), Jones et al. [8] analyzed health 
IT adoption studies published between 2010 and 2013, and concluded that most studies 
present positive outcomes; however, they also concluded that current research still reports 
mixed results, and it has not increased our understanding of the effect of health IT 
adoption. According to their analysis, further research is necessary to understand why 
some providers thrive, while others struggle when adopting health IT tools. Possible 
contributing factors to these gaps include an insufficient amount of information about 
settings, population, implementation strategy and EHR capabilities tested, and an often 
small and nonstandard set of measures used in each study. 
 Similar to large-scale changes observed in other industries [16], an EHR 
implementation is a complex, ongoing process that introduces sociotechnical changes that 
iteratively evolve over time [17], exposing end-users to a learning curve of up to 2 years 
[18]. Previous research suggests that when an intervention has a longitudinal effect – 
which is the case for EHR implementations – interrupted time-series design is the most 





pre-post statistical comparisons [19]. Despite the recommendations, health IT adoption 
studies are primarily pretest-posttest comparisons without a clear relationship between 
the time when data were collected after implementation and the particular phase of the 
implementation at that point in time. This may contribute to the mixed results commonly 
reported in the literature.        
Studies evaluating the impact of IT adoption in other industries such as retail, finance, 
and transportation demonstrate that IT adoption rarely produces positive results if not 
accompanied by complementary changes or investments (e.g. proper planning and 
training, upgrading IT infrastructure, adapting workflows, etc.) [20]. These studies have 
identified several complementary changes that account for the major part of 
improvements observed after IT adoption [21]. However, evaluations of IT adoption in 
the health care industry have primarily focused on comparisons of outcome changes 
before and after EHR implementations, without exploring what and how complementary 
factors introduced by such implementations contributed to the changes observed [22].       
In this dissertation, we test the hypothesis that by combining a wide range of relevant 
measures of quality, productivity, and safety outcomes likely impacted by health IT 
interventions, tracked on an appropriate frequency using a robust time-series design, we 
can detect various performance changes during EHR implementations. We also explore 
factors affecting these outcomes over time, to hopefully increase our understanding of the 
full impact of health IT adoption. In Chapter 3, we present a secondary analysis of the 
studies evaluated by Jones et al.[8] to identify the most commonly reported measures in 
evaluations of health IT adoption, and develop a taxonomy to classify these measures into 





semistructured interviews with experienced health care leaders and online surveys with 
informaticists (Chapter 4), and were tested in several inpatient and outpatient settings 
from a large care delivery system implementing a commercial EHR (Chapter 5). Finally, 
we explore factors contributing to performance changes on the outcomes to further clarify 
the impact of EHR implementations on health care outcomes and elicit potential 
covariates for monitoring these factors in future similar evaluations (Chapter 6).  
This project was coordinated with guidance from an experienced panel of informatics 
and business experts at the University of Utah and Intermountain Healthcare. The 
Institutional Review Board (IRB) of Intermountain Healthcare approved the study under 
protocol 1040351. 
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2.1 Health Information Technology Adoption in the U.S. 
An Electronic Health Record (EHR) system is defined by the Department of Human 
and Health Services (DHHS) as “An electronic record of health-related information on 
an individual that: (A) includes patient demographic and clinical health information, 
such as medical history and problem lists; and (B) has the capacity: to provide clinical 
decision support; to support physician order entry; to capture and query information 
relevant to health care quality; and to exchange electronic health information with, and 
integrate such information from other sources” [1]. EHRs have a long history in the U.S. 
health care system, with the initial developments dated from the early 1970s [2]. Initially, 
some EHRs focused on hospital billing and scheduling systems while others 
computerized clinical processes to help improve medical care. The first clinical-oriented 
EHRs developed in the U.S., between the 1970s and 1980s, include widely known 
systems developed at distinguished tertiary-care hospitals such as the Health Evaluation 
through Logical Processing (HELP) system developed at LDS Hospital [3]; the 
Computer-stored Ambulatory Record (COSTAR) system developed at Massachusetts 
General Hospital [4]; the Problem Oriented Medical Record System (PROMIS) system 





System (RMRS) developed at Indiana University Medical Center [6]; and The Medical 
Record (TMR) system developed at Duke University Medical Center [7]. Decentralized 
computer applications were also developed in multiple Veterans Health Administration 
sites during the same period [8]. Such applications became the foundation of the widely 
known Veterans Integrated System Technology Architecture (VISTA) EHR, officially 
adopted in 1996 [9]. In the early 1990s, evidence of problems related to the paper record 
led the Institute of Medicine (IOM) to advocate a shift from a paper-based to an 
electronic medical record [10]; however, widespread adoption of EHR systems in the 
U.S. would still take several years to come to fruition [2].  
In the late 1990s and early 2000s, studies demonstrating advantages associated with 
EHR adoption, such as improving quality of care and patient safety [11-14], attracted 
attention from government agencies and policy makers. In 2004, the U.S. federal 
government issued an executive order to provide financial incentives to increase health IT 
adoption in the U.S. [15], and in 2009, the Health Information Technology for Economic 
and Clinical Health (HITECH) act was signed into law establishing the Meaningful Use 
program [16]. The program contributed to increasing EHR adoption among U.S. care 
delivery systems to unprecedented rates. In 2009, EHR adoption among office-based 
physicians was still below 50% [17]; after implementation of Meaningful Use Stage 1, 
studies of the same population demonstrated that adoption had increased to 72% [18]. An 
even greater change was observed in U.S. hospitals. In 2010, around 16% of U.S. 
hospitals had a basic EHR; after implementation of Meaningful Use Stage 1 this number 
increased to 59% [19]. In 2015, 96% of U.S. hospitals and 78% of office-based 





 As a result of the increased adoption of EHR systems, the literature exploring their 
impact on health care outcomes is also rapidly increasing [21]. Several systematic 
reviews have analyzed studies on the impact of health IT adoption. The studies report on 
different outcomes, such as quality, productivity and safety; review different health IT 
tools, including multifunctional EHRs; cover both ambulatory and nonambulatory care 
settings; and include U.S. and non-U.S. health care organizations [21-24]. Such reviews 
found that health IT adoption studies more frequently report positive outcomes associated 
with EHR adoption and use [21-24], and that the Meaningful Use program has 
contributed to the increased positive outcomes reported [24]. However, several years 
after the early EHR development efforts, and despite the increased adoption rate in recent 
years, the same reviews also found several studies that produced mixed or negative 
results, leaving unanswered questions on the full impact of health IT adoption [21-24].  
Buntin et al. [24] conducted a systematic review to evaluate studies focused on the 
effects of health IT adoption published between 2007 and 2010. They found that health 
IT adoption was associated with positive outcomes in two-thirds of the cases; however, 
they also found mixed-positive (e.g., overall positive conclusion with at least one 
negative finding) or negative results in one-third of studies assessed. In another 
systematic review commissioned by the Office of the National Coordinator for Health IT 
(ONC), Jones et al. [21] used the same methods as Buntin et al. to analyze studies 
published between 2010 and 2013. Similar to the previous review, they concluded that 
most studies present positive outcomes while a substantial number of studies still present 
neutral, mixed-positive, or negative results. Examples of the latter in ambulatory settings 





compliance rates dropped from 83% to 55% immediately after implementation and did 
not return to baseline levels until 3 years postimplementation [25], and significantly 
lower odds that patients received depression treatment after EHR adoption [26]. 
Examples of negative results in hospital settings include high rates of prescribing error 
associated with e-Prescribing [27], adoption of advanced EHR capabilities associated 
with significant decreases in care quality for acute myocardial infarction and heart failure 
patients [28], and a significant increase in hospital costs [29]. Jones et al. [21] suggest 
that, due to the mixed results reported, current research has failed to increase our 
understanding of the impact of health IT adoption, and that with the increasing adoption 
of EHRs, it is no longer sufficient to ask whether health IT creates value or not; therefore, 
future research should focus on understanding how to realize value from health IT, as 
opposed to the traditional approach of exploring if health IT adds value to health care 
outcomes. Moving forward, changing the research approach will require more robust 
research designs, as we demonstrate in the subsequent sections of this chapter.    
 
2.2 Outcome Measurements for Evaluations of Health IT Adoption 
Reproducibility of scientific studies has become a significant challenge in the 
biomedical domain. Researchers evaluating the likelihood of reproducing biomedical 
studies estimate that over 75% of biomedical research cannot be reproduced through 
confirmatory studies, potentially leading to wasted time and money [30-31]. The 
problem, often referred to as the “reproducibility crisis,” has attracted attention from 
biomedical journals, funding agencies, and the larger scientific community due to an 





unable to stand the test of time [32]. Among the reasons for the high irreproducibility rate 
is the use of poor research designs, including the use of heterogeneous, study-specific, 
and non-agreed outcomes [33]. In health IT adoption research, the vast majority of 
studies use simple, nonstandardized measurements [21], and frequently assess a small 
number of outcomes [34-43], even when evaluating complex sociotechnical changes such 
as implementation of multifunctional EHR systems [25-26,44-48]. From 107 studies 
conducted in primary care settings evaluated by Jones et al. [21], 22 (21%) studies 
evaluated the impact of multifunctional EHR systems adoption [25-26, 38, 44-62], and 
reported a total of 50 different measures used to assess the intervention; from those, 36 
(72%) measures were study specific whereas only 14 (28%) measures were used in 2 or 
more studies. Such cases provide an example of the frequent use of heterogeneous and 
study-specific measurements in health IT adoption research, and of the barriers limiting 
comparison of outcomes across studies. Future systematic reviews like those by Buntin et 
al. [24] and Jones et al. [21] would benefit from evaluating studies that report more 
standardized measurements that could facilitate comparison across them, hopefully 
leading to a better understanding of how health IT adoption affects care delivery 
organizations. However, such measures are not available in the literature and the 
development of an inventory of unequivocal and universally agreed measurements for 
assessing health IT interventions is necessary to facilitate reporting and comparison of 








2.3 Longitudinal Characteristic of EHR Implementations 
The health care system is a complex ecosystem that deals with constant adaptation to 
ever increasing medical knowledge [63], applied in high-pressure, fast-paced, and 
distributed care delivery settings [64]. In such a complex environment, implementation of 
a new or updated EHR system will inevitably add to the complexity of the several aspects 
of care with which it interacts [65]; and such an impact is an ongoing process that may 
affect the care delivery organization from months to years [25]. In a recent study, Samal 
et al. [66] evaluated the impact of Meaningful Use Stage 1 on the quality of care provided 
by physicians at one hospital in Massachusetts. They collected quality measures for 3 
months and compared the outcomes of care delivered by Meaningful Use adopters and 
nonadopters. Their findings did not show a significant difference between the 2 groups. 
However, Kern et al. [67] criticized their methods and the small period of analysis due to 
the fact that studies have demonstrated that even 2 years after an EHR implementation 
clinicians could still be in a learning curve, dealing with iterative refinements common to 
such implementations [68]. Most studies evaluating the impact of health IT adoption have 
been conducted during or after the EHR implementation, comparing outcomes before and 
after the intervention (EHR go live). However, previous research suggests that in studies 
with a longitudinal effect, interrupted time-series design is the best option to avoid biases 
caused by variations not considered in simple statistical comparison of means [69]. 
Mylene Lagarde [70] presents 4 examples of common biases in pretest-posttest studies 
comparing means before and after intervention. They are:  
1. Constant trend: an outcome with a constant upward trend started before intervention 





outcome after intervention compared to baseline, but such an increase may not have 
been caused by the intervention itself. 
2. Constant trend before intervention: when an upward trend before intervention is 
replaced by a flatter or stationary trend after intervention, a simple comparison of 
means would show a misidentified improvement.  
3. Seasonal effects: seasonal effects can distort the means due to high or low peaks not 
identified by a simple comparison of means.  
4. Peak after intervention: when an abrupt high peak right after intervention is observed 
in an outcome with a trend sloping downward, it suggests a problem about the 
sustainability of the effect not detected by the comparison of means. In addition, it 
could suggest an improvement when in fact the intervention only changed the 
direction of the trend. 
 Few cases of studies evaluating the impact of health IT adoption with longitudinal 
data are available in the literature, and when available, they use a small number of 
measures and poor research designs. One of the rare examples of such longitudinal 
analysis is an evaluation of the impact of EHR implementation in clinical preventive 
services in primary care settings in New York City [71]. In this study, researchers 
evaluated 4 preventive care measures and analyzed the trend of measures during a period 
of 2 years after implementation, tracking averages for each trimester. They found 
significant improvements and identified an upward trend for all measures; however, their 
analysis did not contemplate a baseline period before EHR implementation, which could 
have led to an incorrect conclusion based on the biases mentioned above.  





effective method to understand how the changes introduced by the implementation 
impact a health care system over time. This type of design is more effective when it 
includes a large number of data points, and a baseline period, which can aid in 
understanding the real impact of the intervention, as demonstrated by studies with other 
types of time-sensitive interventions in various fields such as environmental policies [72], 
economics [73] and health policies [74]. A study conducted by van Driel et al. [75] to 
explore the effect of prescribing policies favoring selected H2-antihistamines and proton 
pump inhibitors (PPI), to decrease overall consumption of acid suppressants and cost, 
concluded that although prescription of the preferred drugs increased, such policies failed 
to control cost due to the use of multiple nonrecommended drugs, and, as demonstrated 
by the authors, such a conclusion could only be reached with a pre-post longitudinal 
study evaluating the effect of the policies on prescription of multiple drugs over time. 
The use of control sites in longitudinal studies is also recommended whenever possible, 
to overcome the confounding effect of other events not detected by assessing isolated 
intervention sites [70]. Soumerai et al. [76] demonstrated that a Medicaid reimbursement 
policy that restricted the use of 3 drugs per patient 60 years old or older during a specific 
period in the state of New Hampshire was associated with an increase in admissions to 
nursing homes. Wager et al. [77] analyzed their study and concluded that such an 
association was made possible by the use of claims data from the state of New Jersey as a 
control cohort, since this state did not implement such a policy. Given the time-sensitive 
effect of EHR implementations, including their potential for impacting both 
organizational culture [78] and care outcomes over time [25], the use of a more robust 





interventions in health care. This methodology should use a longitudinal analysis with 
control sites and baseline data to more effectively monitor the impact of health IT 
interventions and to identify (1) unexpected effects introduced both during the transition 
and after the new system has been stabilized, (2) seasonal effects, and (3) time to recover 
to baseline performance. In addition to improved design, it should include a 
comprehensive set of relevant outcome measurements, covering a wide spectrum of care 
processes likely impacted by health IT interventions. 
In Chapter 5, we test the use of a proposed methodology that adheres to the 
previously mentioned recommendations. We use this method to monitor a large 
commercial EHR implementation tracking several outcome measures of quality, 
productivity, and safety care processes extracted from the literature and outcomes 
suggested by experienced heath care leaders and informatics experts on a monthly basis, 
with baseline data and control sites. We evaluate the implementation of the Millennium 
EHR developed by Cerner Corporation, Kansas City, MO, U.S. at Intermountain 
Healthcare, a not-for-profit integrated care delivery system of 22 hospitals and over 185 
ambulatory care clinics covering Utah and southern Idaho. Intermountain Healthcare is 
replacing a group of long-used and stable homegrown systems with Cerner’s EHR. Given 
the size of the Intermountain care delivery system, the implementation of the new EHR 
uses a staggered schedule with multiple phases, each phase comprising a group of 
hospitals and clinics from the same geographical area. While the enterprise 
implementation will be phased, the introduction of the new EHR in each region will use a 
“big bang” strategy, replacing all legacy systems at once within that region.   





of implementation strategy and timeline of settings to be implemented – especially in 
large care delivery systems such as Intermountain Healthcare – are naturally business-
driven decisions; in such cases, randomization of intervention and control settings is 
virtually impossible, and confirmatory studies are also difficult to conduct. However, the 
staggered approach adopted by Intermountain Healthcare allowed for multiple tests of 
our methodology in different implementation regions that received the implementation at 
different points in time, producing subsequent confirmatory tests of our methodology, 
attesting to its efficacy for detecting patterns of impact and various performance changes 
during a large-scale commercial EHR implementation.  
 
2.4 Complementary Changes Introduced by IT Adoption 
During the decades following World War II, advancements in computer technology 
produced an increasing investment in acquisition of IT infrastructure in both 
manufacturing and services industries. Although the services sector invested substantially 
more than manufacturing, such an investment was not reflected in increased productivity 
[79]. This phenomenon is known as the “productivity paradox,” a concept first introduced 
by the economist Steven Roach in 1987 [80]. The paradox had a higher impact on the 
services sectors mostly due to their inherent complexity. Services transactions are 
idiosyncratic and difficult to represent and measure, and are processed through complex 
workflows. Since the health care industry went digital after other services industries [81], 
initial assessments of the problem involved industries such as retail, finance, and 
transportation, and, as a result, an increased understanding of the factors contributing to 





affect the health care industry today [82]. The causes of the productivity paradox 
observed in other industries are attributable to the need for complementary changes or 
investments (e.g., proper planning and training, upgrading IT infrastructure, adapting 
workflows, etc.). Experts estimate that for every dollar of IT invested, there are several 
dollars of organizational investments that generate the large increases in productivity and 
value [83]. The same experts conclude that IT adoption alone rarely produces positive 
results if not accompanied by these complementary factors. However, evaluations of IT 
adoption in the health care industry have primarily focused on comparisons of outcome 
changes before and after EHR implementations, without exploring what and how 
organizational factors can affect care outcomes [84]. In the present research, we attempt 
to explore the factors that may have contributed to performance changes on quality, 
productivity, and safety outcomes detected during a commercial EHR implementation. 
We also identify potential covariates that can be measured with data available in 
electronic format for monitoring these factors in near real-time, to improve the capacity 
of our methodology to detect a cause-and-effect relationship between health IT adoption 
and performance changes on health care outcomes. 
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Figure 3.1 Flow chart describing the procedures used here for identifying studies that fit the inclusion criteria. 
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Table 3S.2. Quality of care in nonambulatory settings 
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Table 3S.2. Continued 
Reference Measures used Region Practice  Setting Ownership Intervention 
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Table 3S.2. Continued 
Reference Measures used Region Practice  Setting Ownership Intervention 
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Table 3S.3. Patient safety in ambulatory settings 
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Table 3S.4. Patient safety in nonambulatory settings 
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Table 3S.5. Productivity in ambulatory settings 
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Table 4.1 Top relevant measures of quality of care. 







Table 4.3 Top relevant measures of safety. 
































































4.8  Supplementary Materials  
Table 4S.1. Interviewees’ characteristics 
Intermountain leadership – Semi-structured interviews 
Age, years (SD) 49.5 (10.7) 
Female, n (%) 12 (40) 
Role, n (%)  
     Executive/VP 2 (6.7) 
     Director 9 (30) 
     Manager 9 (30) 
     Staff 8 (26.7) 
     Consultant 1 (3.3) 
     Other 1 (3.3) 
Department, n (%)*  
     Cardiovascular Care 2 (6.7) 
     Human Resources 3 (10) 
     Imaging Services 2 (6.7) 
     Intensive Medicine 2 (6.7) 
     Medical Informatics 8 (26.7) 
     Pharmacy 2 (6.7) 
     Physician Relations 1 (3.3) 
     Primary Care 4 (13.3) 
     Quality and Patient Safety 4 (13.3) 
     Research 1 (3.3) 
     Respiratory Care 2 (6.7 
     Women & Newborn 2 (6.7) 
Current field experience, years (SD) 19.5 (11.9) 
Experience with EHRs, years (SD) 16.3 (11.3) 
Time working at Intermountain, years (SD) 17.4 (11.2) 




















Table 4S.2. Survey participants’ characteristics 
Expert panel - Online Surveys 
  Ambulatory 
Non-
ambulatory 
Age, years (SD) 50.5 (10.7) 51.5 (10.8) 
Female, n (%) 27 (60) 47 (70.1) 
Role, n (%)*     
     Executive/VP 7 (15.6) 5 (7.5) 
     Director 4 (8.9) 14 (20.9) 
     Manager 8 (17.8) 7 (10.4) 
     Faculty/Researcher 15 (33.3) 18 (26.9) 
     Staff 6 (13.3) 15 (13.3) 
     Consultant 6 (13.3) 4 (13.3.) 
     Other 5 (11.1) 9 (11.1) 
Type of company, n (%)*     
     Healthcare Provider 14 (31.1) 41 (61.2) 
     Academic 22 (48.9) 25 (37.3) 
     Government 6 (13.3) 2 (3) 
     Health IT Vendor 2 (4.4) 4 (4.4) 
     Standards Organization 1 (2.2) 1 (2.2) 
     Other 5 (11.1) 5 (11.1) 
Main educational background, n (%)     
     Medicine 14 (31.1) 13 (19.4) 
     Nursing 17 (37.8) 35 (52.2) 
     Computer Science 0 (0) 5 (7.5) 
     Informatics 7 (15.6) 9 (13.4) 
     Business 2 (4.4) 2 (3) 
     Other 5 (11.1) 3 (4.5) 
Current field experience, years (SD) 21.1 (10.4) 20.8 (12.4) 
Experience with EHRs, years (SD) 15.8 (6.9) 14.1 (7.7) 
Notes: * The percentile for role and type of company exceeds 100% because respondents were 













Table 4S.3. Individual measures suggested by survey respondents 




 Clinician satisfaction 
Clinicians’ satisfaction as 
end user of a new or 




 Time to complete visits 
Mean time between 
patient seen by provider 
and visit completed 
Time efficiency as 





 Time spent documenting 
after hours 
Time spent by provider 
documenting on 
electronic health records 
after work hours 
Time efficiency as 





 Time to sign notes 
Mean time between visit 
completed and note 
signed 
Time efficiency as 




Ambulatory Patient phone calls 
Number of patient phone 






Time spent documenting 
Time spent by provider 
documenting on 
electronic health records 
Time efficiency as 




Ambulatory Adverse events rate 
Rate of adverse events 





Appropriate use of 
imaging tests 
Rate of imaging tests in 
compliance with 
guidelines 






Appropriate use of lab 
tests 
Rate of laboratory tests in 
compliance with 
guidelines 






Appropriate use of 
medication 
Rate of medication orders 
in compliance with 
guidelines 





 BMI screening 
Body Mass Index 
screening in target 
patients 






 Diagnosis codes entered 
Rate of diagnosis codes 







 Encounters per hour 
Rate of patients seen by 
provider per hour 
Time efficiency as 





 Follow-up visit 
documented 
Rate of patient with 
follow-up visit 
documented in patient 







 Influenza immunization 
documented 
Number of patients with 
influenza immunization 
documented in patient 









Table 4S.3. Continued 





Mean time to define 
educational need 
Mean time between 
patient discharged and 
educational need 
documented in patient 
electronic health records 
Time efficiency as 






Rate of patients with 
medication reconciliation 
documented in patient 




 Patient barriers to health 
education documented 
Patient barriers to health 
education documented in 





 Patient portal usage 
Rate of patient portal 
usage Patient engagement 
1 
 
Ambulatory Progress notes 
completed 
Rate of patients with 
progress notes completed 




Provider worked hours 
Average number of 
provider (physicians or 
nurse practitioner) 
worked hours  
Time efficiency as 





Rate of Medicare 
patients 
Rate of Medicare patients 






 Visit planning rate 
Rate of notes reviewed 






 Time spent documenting 
Time spent by provider 
documenting on 
electronic health records  
Time efficiency as 




Electronic orders rate 
Rate of orders entered 





Rate of patients with 
medication reconciliation 
documented in patient 
electronic health records Medication safety 
2 
 
Hospital Medication turnaround 
time 
Mean time between 
medication ordered and 
administered 
Time efficiency as 





Overdue medication rate 
Rate of overdue 




Adverse events rate 
Rate of adverse events 





Table 4S.3. Continued 




 Delirium rate 
Rate of delirium events in 






Duplicate orders Rate of duplicate orders Medication safety 
1 
Hospital 
Inappropriate use of lab 
tests 
Rate of laboratory tests 
ordered not in compliance 
with guidelines 




Hospital Inappropriate use of 
pathology tests 
Rate of pathology tests 
ordered not in compliance 
with guidelines 





IT staff count 
Number of information 





Mean time to login into 
electronic health record 
system 
Time efficiency as 





Mean time to administer 
overdue medications 
Mean time between 
programed time for 
administration and actual 
time of administration of 
overdue drugs 
Time efficiency as 




Net operating income 
Operational income after 
electronic health record 




Overdue vital sign 
Rate of patients with 
overdue vital sign 
collected 
Time efficiency as 





Average pain scores after 
pain medication 
administration 





Patient portal usage 







Payment denial rate 
Rate of payments denied 




Provider clicks rate 
Rate of clicks during 
electronic health record 





Hospital Readmission risk 
adjustment documented 










Table 4S.3. Continued 




Staff burnout rate 
Rate of staff burnout 





Rate of electronic health 






Time to antibiotic 
Mean time between 
patient admission and 
antibiotic ordered (when 
needed) for newborn 
patients 
Time efficiency as 
a proxy for quality 
1 
 
Hospital Time to billing health 
insurance  
Mean time between 
patient discharge and 
billing submission to 
health insurance 
Time efficiency as 





Time to discharge 
Mean time between 
discharge ordered and 
actual patient discharge 
Time efficiency as 
a proxy for 
productivity 




















Table 4S.4. Ambulatory survey questions 
Interview section Questions 
Section 1: descriptive 
data 
What is your current role? 
What type of institution(s) do you currently work for? 
What is your main educational background (e.g. nursing, medicine, 
computer science)? 
How many years have you practiced in your current field? 
How many years of experience with EHR systems do you have? 
What is your age? 
Please inform your gender? 
Section 2: Relevance 
of outcome 
measurements  
Quality of Care 
1. Rate of hypertensive patients with blood pressure under control 
2. Breast cancer screening ordered as preventive care in target 
patients 
3. Chlamydia screening ordered as preventive care in target patients 
4. Colorectal cancer screening ordered as preventive care in target 
patients 
5. Composite measure for diabetes control 
6. Evidence of dietary counseling documented in patient's electronic 
health records 
7. Rate of diabetes patients with hemoglobin A1c under control 
8. Rate of bone density scanning ordered in compliance with 
guidelines 
9. Rate of imaging test for patients with low back pain ordered not in 
compliance with guidelines 
10. Pap smear test ordered not in compliance with guidelines 
11. Rate of diabetes patients with low-density lipoprotein cholesterol 
under control 
12. Rate of asthma patients using appropriate medication 
13. Osteoporosis screening ordered as preventive care in target 
patients 
14. Patients' satisfaction with care provided 
15. Evidence of pneumococcal immunization documented in patient's 










Table 4S.4. Continued 
Interview section Questions 




1. Number of patient phone calls after work hours 
2. Rate of employees moved permanently to a different setting 
3. Rate of employee contracts terminated 
4. Number of orders of laboratory tests 
5. Number of medication orders 
6. Proportion of the amount of money received from payers in 
relation to the amount planned 
7. Operational income before taxes 
8. Rate of new patient visits to ambulatory settings 
9. Number of patient visits to ambulatory settings 
10. Number of orders of imaging tests 
11. Mean time between patient check-in and patient visit initiated 




1. Rate of adverse drug events 
2. Medication errors of any source 
Section 3: Open-ended 
comments 
What measure(s) not included in our list do you consider relevant for 




















Table 4S.5. Nonambulatory survey questions 
Interview section Questions 
Section 1: descriptive 
data 
What is your current role? 
What type of institution(s) do you currently work for? 
What is your main educational background (e.g. nursing, medicine, 
computer science)? 
How many years have you practiced in your current field? 
How many years of experience with EHR systems do you have? 
What is your age? 
Please inform your gender? 
Section 2: Relevance 
of outcome 
measurements  
Quality of Care 
1. Orders of antibiotic drugs in compliance with guidelines 
2. Blood glucose control in inpatients 
3. Clinician's satisfaction as end-user of a new or updated Health IT 
system 
4. Length of stay of hospitalized patients 
5. Composite score of quality of care for patients with acute 
myocardial infarction, heart failure, pneumonia, and surgical care 
6. Rate of bleeding events during hospitalization 
7. Mean time of labor and delivery of unplanned c-section 
8. Mean time of labor and delivery of vaginal delivery 
9. Length of stay of maternity patients after unplanned c-section 
delivery 
10. Length of stay of maternity patients after vaginal delivery 
11. Rate of patients who died during hospitalization 
12. Rate of patients admitted to Newborn Intensive Care Unit 
13. Length of stay of Newborn Intensive Care Unit patients 
14. Rate of patients who gave their hospital a rating of 9 or 10 on a 
scale from 0 (lowest) to 10 (highest) 
15. Rate of patients who developed pressure ulcer during 
hospitalization 
16. Rate of heart failure patients readmitted within 30 days 
17. Composite measure for sepsis care measured as compliance to all 
composite items 
18. Rate of patients who died during hospitalization due to severe 
sepsis or septic shock 
19. Average time of ventilator therapy 
20. Rate of patients who developed venous thromboembolism during 
hospitalization 
21. Rate of patients with diagnosis of ventilator-associated pneumonia 
22. Rate of orders of prophylaxis for venous thromboembolism in 









Table 4S.5. Continued 
Interview section Questions 




1. Mean time between antibiotic order and administration in newborn 
patients 
2. Length of stay of patients in emergency departments 
3. Number of patient visits to emergency departments 
4. Mean time between patient arrival and seen by provider in 
emergency departments 
5. Rate of employees moved permanently to a different setting 
6. Rate of employee contracts terminated 
7. Average ICU cost per patient 
8. Average total hospital cost per ICU patient 
9. Proportion of ICU cost per patient compared to hospital total cost 
per ICU patient 
10. Ratio of nurse per patient in the ICU 
11. Number of patients hospitalized 
12. Number of orders of laboratory tests 
13. Number of orders of medications 
14. Proportion of emergency department patients seen by provider in 
less than 30 minutes 
15. Number of orders of imaging tests 
16. Relative value unit of respiratory therapist per shift 
17. Mean time between radiology test started and completed 
18. Mean time between radiology test completed and report issued by 
radiologist 
19. Mean time between patient check-in and initiation of procedure in 
the Cath-lab 
20. Mean time between procedure finished and patient discharge in 
the Cath-lab 
21. Time spent by nurses documenting on electronic health records in 
the ICU 
22. Mean time between respiratory therapy ordered and initiation of 
therapy 
23. Percentage of variation between planned cost and actual cost per 













Table 4S.5. Continued 
Interview section Questions 




1. Rate of hospital-acquired surgical site infections for abdominal 
hysterectomy surgeries 
2. Rate of adverse drug events 
3. Rate of bar-coded medication administration override 
4. Rate of hospital-acquired central line associated bloodstream 
infections 
5. Rate of hospital-acquired surgical site infections for colon surgeries 
6. Rate of drug-allergy interaction alerts overridden during ordering 
process 
7. Rate of drug-drug interaction alerts overridden during ordering 
process 
8. Rate of patient falls during hospitalization 
9. Rate of hospital-acquired infections caused by Clostridium 
Difficile 
10. Rate of hospital-acquired infections caused by Carbapenem-
resistant Acinetobacter 
11. Rate of hospital-acquired infections caused by Methicillin-
resistant Staphylococcus Aureus 
12. Rate of hospital-acquired infections caused by Vancomycin-
resistant Enterococci 
13. Medication errors of any source 
14. Rate of medication orders changed following clinical decision 
support recommendation 
15. Rate of medication errors caused by missing a medication during 
medication reconciliation 
16. Rate of medications orders not in compliance with guidelines 
17. Rate of hospital-acquired Foley catheter-associated urinary tract 
infections 
18. Rate of ventilator disconnection in the ICU 
Section 3: Open-
ended comments 
What measure(s) not included in our list do you consider relevant for 











 DETECTING PERFORMANCE CHANGES ON QUALITY, PRODUCTIVITY, AND               
SAFETY OUTCOMES DURING A LARGE COMMERCIAL ELECTRONIC  
HEALTH RECORD SYSTEM IMPLEMENTATION 
 
Tiago K. Colicchio, Guilherme Del Fiol, Debra L. Scammon, Watson A. Bowes III, Julio 




Objective: To detect performance changes and patterns of impact on quality, 
productivity, and safety outcomes during a large-scale commercial Electronic Health 
Record (EHR) implementation. 
Materials and Methods: We conducted an interrupted time-series study with control 
sites. Four medium-size hospitals and 39 clinics from 5 geographic regions of a phased 
EHR implementation were compared against 1 medium-size and 1 large hospital and 10 
clinics from 2 control regions. We monitored 41 outcomes of quality (11 measures), 
productivity (20 measures), and safety (10 measures) with monthly data from February 
2013 to July 2017.   





(98%) measures in at least 1 region; in 32 (78%) measures in 2 or more regions; and in 12 
(29%) measures in 3 or more regions. Significant changes were detected in all quality 
measures in both types of settings, in all productivity measures in at least one type of 
setting, and in 9 safety measures in hospital settings. 
Discussion: Using only data available in electronic format from two distinct EHR 
systems, we detected various patterns of impact and mixed time-sensitive effects with 
far-reaching implications for health care leaders across the country. With an increasing 
adoption of commercial EHR systems, it is critical for health care organizations to 
systematically monitor their EHR implementations. 
Conclusion: Our results and methodology will guide the broader medical and 
informatics communities by informing what and how to continuously monitor in similar 
future interventions, allowing the implementation of effective responses to mitigate 
negative impacts. 
 
5.2 Background and Significance 
Although Electronic Health Record (EHR) systems have recently achieved 
widespread adoption in the U.S. [1-2], investigations of their impact have rarely focused 
on the effects introduced by EHR implementations, and have not contributed to 
increasing our understanding of the impact of EHRs on care outcomes[3]. The literature 
investigating such an impact is also increasing[4-5]; however, current evaluations 
frequently produce mixed or even negative results[6-7], leaving unanswered questions as 
to the impact of health information technology (health IT) adoption [8]. Contributing 





tested, and the use of limited and study-specific measurements, creating obstacles to the 
comparison of outcomes across studies [9]. In addition, despite the fact that EHR 
implementations introduce sociotechnical changes that iteratively evolve over time [10], 
exposing users to a learning curve of up to 2 years [11], health IT evaluations frequently 
use simple research designs such as pretest-posttest comparisons that do not consider the 
longitudinal characteristic of EHR implementations [12-15]. There is a need to overcome 
these methodological limitations to: (1) increase the capacity of future systematic reviews 
– and potential meta-analyses – to compare context-related information, interventions, 
and outcomes across studies; and (2) improve our understanding of the impact of health 
IT interventions on quality, productivity, and safety outcomes [5].  
As a first attempt to fill these gaps, we have developed and tested a systematic 
methodology to detect near real-time performance changes during EHR implementations 
[16]. The methodology includes a robust inventory of outcome measures likely impacted 
by health IT interventions. The measures were retrieved from the literature [9] and 
suggested by subject-matter experts [17]. Our method was previously used in a pilot 
longitudinal analysis of a commercial EHR implementation [16]. In the present study, we 
expand our analysis by assessing more measures and care settings from geographically 
dispersed regions of the same implementation.  
Implementation of a multifunctional commercial EHR system is a highly complex 
intervention consisting of multiple small interventions introduced in high-pressure care 
delivery settings. The objective of this study is to test a replicable methodology to detect 





we do not focus on evaluating whether clinical impacts can be attributed to the new EHR, 
nor do we focus on comparing legacy systems with the new EHR. 
 
5.3 Materials and Methods 
5.3.1 Description of Intervention 
Intermountain Healthcare, a not-for-profit, integrated care delivery system of 22 
hospitals and over 185 clinics covering Utah and southern Idaho is replacing a group of 
long-used and stable homegrown legacy systems [18-19] with the commercial 
Millennium EHR (Cerner Corporation, Kansas City, MO, U.S.). The implementation 
follows a phased approach with the introduction of the new EHR across 10 dispersed 
geographical regions. The implementation in each region follows a “big bang” strategy, 
replacing all legacy systems at once within that region. EHR capabilities involved in the 
implementation include: computerized provider order entry (CPOE); clinical decision 
support (CDS) systems; clinician documentation; problem lists; patient medical history; 
patient demographics; scheduling, admission, transfer and discharge; radiology 
information system; medication reconciliation; medication dispensing; clinical pharmacy; 
electronic medication administration; infectious disease management; and laboratory 
results. 
 
5.3.2 Design and Settings 
We used an interrupted time-series design with the intervention implemented (i.e., 
EHR “go live”) at the first five regions at different points in time (Figure 5.1). In 





the end of the study. Data were analyzed monthly from February 2013 to July 2017. Each 
intervention region included a 2-year baseline period before the EHR go live, followed by 
a 10- to 24-month intervention period, which ended when the control sites went live (July 
2017). Each intervention region includes 1 hospital with 100 or more beds (except region 
3, which has no hospitals fitting the inclusion criteria) and 5 to 10 primary care clinics. 
The distribution of settings per intervention region is as follows: region 1: 5 primary care 
clinics and 1 hospital (140 beds); region 2: 7 primary care clinics and 1 hospital (312 
beds); region 3: 9 primary care clinics; region 4: 10 primary care clinics and 1 hospital 
(375 beds); and region 5: 8 primary care clinics and 1 hospital (245 beds). The two 
control regions include 1 medium-size hospital (243 beds), 1 large hospital (472 beds), 
and 10 primary care clinics. All study clinics were selected based on the primary care 
specialties Family Medicine, Internal Medicine, or Pediatrics. We excluded children’s 
hospitals and specialty care clinics because they have specific populations and outcomes 
not easily generalizable to other settings. Figure 5.1 illustrates study design and 
implementation phases. Detailed characteristics of study settings can be found in Table 
5S.1 in the Supplement. Intermountain Healthcare Institutional Review Board approved 
this study. 
 
5.3.3 Outcome Measurements 
We monitored 41 outcomes of quality (11 measures), productivity (20 measures), and 
safety (10 measures). Twelve measures assessed ambulatory outcomes and 29 measures 
assessed hospital outcomes. The measures were retrieved from an inventory of outcome 





electronic format [17]. Data were collected from existing business intelligence reports 
and Intermountain’s enterprise data warehouse. We collected data for measures with data 
available before and after the go live except for EHR use-related measures such as time 
documenting in the EHR during and after work hours and electronic orders rate. These 
measures were not available in the legacy systems and were assessed only among 
intervention regions without a baseline or control. We decided to include these measures 
because they are frequently used to assess clinician workload [20]. Detailed descriptions 
of study measures can be found in Tables 5S.2 and 5S.3 in the Supplement. 
 
5.3.4 Data Analysis 
We used an interrupted time-series analysis (ITSA) with an ordinary least squares 
model (OLS) [21], with the Newey-West autocorrelation test [22], adjusting the number 
of lags according to the Cumby-Huizinga general test for autocorrelation [23]. Based on 
actual monthly data points, the model generates 2 trend lines that represent the average 
change (increase/decrease) per month in the periods before and after the intervention, and 
produces 2 tests: (1) the immediate effect and (2) the over time effect. The immediate 
effect is the change in the level of the trend lines in the month after the introduction of the 
intervention. The immediate effect is calculated as the difference between the last 
predicted value generated by the model before the intervention and the first predicted 
value after its introduction within each region; and the difference between intervention 
and control groups. The over time effect measures a change in the slope of the trend line 
after the intervention. It is calculated as the difference between the monthly change 





region; and the difference between intervention and control groups. Measures from 
clinics in the same region were aggregated in terms of their arithmetic average. Data 
analysis was performed using Stata version 14.2 statistical software [StataCorp LP, 
College Station, TX].   
 
5.4 Results 
Significant performance changes were observed following the intervention in 40 
(98%) measures in at least 1 region; in 32 (78%) measures in 2 or more regions; and in 12 
(29%) measures in 3 or more regions. In addition, 20 (49%) measures detected a 
significant difference between the 2 groups caused by a significant change that happened 
in the control sites; out of these, 7 (17%) detected a significant difference in 2 regions, and 
13 (32%) measures detected a significant difference in 1 region. 
 
5.4.1 Ambulatory Care Measures 
The number of ambulatory care measures with a significant difference after the 
intervention ranged from 4 to 5 out of 12 measures per region. The most commonly 
significant measure was number of laboratory test orders, which significantly decreased 
in all intervention regions. Laboratory orders (Figure 5.2) decreased significantly 
immediately after the go live in four regions, ranging from 157.40 tests [95%CI (-268.33, 
-46.46, p=0.006] in region 4 to 796.37 tests [95%CI (-898.07, -694.68), p=0.009] in 
region 5, and decreased over time by 24.44 tests per month [95%CI (-41.11, -7.78), 
p<0.001] in region 2. Two measures detected a significant difference in four 





pressure control rate), and rate of new patient visits. Blood pressure control rate (Figure 
5.3-A) decreased significantly immediately after go live in four regions, ranging from 
2.55 [95%CI (-3.66, -1.43), p<0.001] in region 3 to 3.63 [95%CI (-5.17, -2.08), p<0.001] 
in region 4. Such decreases were followed by a steady increase over time in 3 regions, 
ranging from an increase of 0.40 per month [95% CI (0.27, 0.53), p<0.001] in region 4 to 
an increase of 1.47 per month [95% CI (1.24, 1.71), p<0.001] in region 5. The rate of new 
patient visits (Figure 5.3-B) decreased significantly immediately after the go live in four 
regions, ranging from 1.01 [95%CI (-1.59, -0.44), p=0.001] in region 1 to 2.90 [95%CI (-
4.05, -1.75), p<0.001] in region 5.  
Significant differences were detected in 3 measures in 3 regions: “employee 
movement rate,” “employee turnover rate,” and “diabetes bundle”; in 4 measures in 2 
regions: “hemoglobin A1c,” “patient visits,” “radiology test orders,” and “medication for 
asthma”; and in 2 measures in 1 region: “time documenting in EHR,” and “time 
documenting in EHR after hours.” Table 5.1 lists the immediate effect for ambulatory 
measures and Table 5.2 lists the over time effect for ambulatory measures. Graphs of 
ambulatory measures can be found in Figures 5S.1 to 5S.9 in the Supplement. 
 
5.4.2 Hospital Measures 
The number of hospital measures with a significant difference after the intervention 
ranged from 9 to 18 out of 29 measures per region. The measures most commonly 
significant were emergency department (ED) length of stay (LOS), time between patient 
check-in and seen by provider in the ED (ED wait time), and hospital-acquired 





intervention hospitals. ED LOS (Figure 5.4) increased significantly immediately after go 
live in all regions, ranging from 0.18 hours [95%CI (0.02, 0.33), p=0.02] in region 1 to 
0.53 hours [95%CI (0.47, 0.59), p<0.001] in region 2. Such increases were followed by a 
significant decrease over time in 3 regions, ranging from 0.02 hours per month [95%CI (-
0.02, -0.01), p<0.001] in region 2 to 0.08 hours per month [95%CI (-0.10, -0.06), 
p<0.001] in region 5. ED wait time (Figure 5.5) increased significantly immediately after 
the go live in 3 regions, ranging from 8.44 minutes [95%CI (4.87, 12.00), p<0.001] in 
region 5 to 9.37 minutes [95%CI (5.95, 12.78), p<0.001] in region 2. A significant 
decrease over time in ED wait time was detected in all regions, ranging from 0.27 
minutes per month [95%CI (-0.49, -0.06), p=0.01] in region 1 to 1.33 minutes per month 
[95%CI (-1.72, -0.94), p<0.001] in region 5. CDiff infection rate (Figure 5.6) decreased 
significantly immediately after the go live in region 1 by 7.11 [95%CI (-14.37, 0.13), 
p=0.05] and in region 2 by 6.07 [95%CI (-8.32, -3.82), p<0.001]. In the post-intervention 
period, infection rate continued to decrease over time in region 2 by 0.22 per month 
[95%CI (-0.40, -0.04), p=0.01], and decreased in region 4 by 0.39 per month [95%CI (-
0.60, -0.18), p<0.001], whereas in region 5 it increased by 0.87 per month [95%CI (0.65, 
1.69), p=0.04].      
Significant differences were detected in 6 measures in 3 regions: “ED visits,” 
“employee turnover rate,” “newborn intensive care unit (NICU) admissions,” “NICU 
LOS,” “laboratory test orders,” and “time to complete radiology tests.” Significant 
differences were detected in 13 measures in 2 regions: “abdominal hysterectomy 
infection rate,” “bloodstream infection rate,” “colon surgery infection rate,” “electronic 





Staphylococcus aureus (MRSA) infection rate,” “hospitalizations,” “mortality rate,” 
“patient satisfaction rate,” “pressure ulcer rate,” “radiology orders,” and “time to sign 
radiology tests.” A significant difference was detected in 6 measures in 1 region: 
“adverse drug events (ADEs) rate,” “hospital LOS,” “Carbapenem-resistant 
Acinetobacter (CRA) infection rate,” “Vancomycin-resistant Enterococci (VRE) 
infection rate,” “readmission rate,” and “time documenting in EHR.” Table 5.3 lists the 
immediate effect for hospital measures and Table 5.4 lists the over time effect for 




To the best of our knowledge, this is the largest evaluation of a commercial EHR 
implementation, both in terms of the number and variety of settings, measures, and data 
points. Using only data available in electronic format from two distinct EHR systems, we 
detected various patterns of impact and mixed time-sensitive effects. Such effects would 
not have been detected by simple pretest-posttest or short-term time-series designs, or by 
a narrow set of outcome measures. The changes observed in our organization suggest that 
large commercial EHR implementations in integrated networks introduce performance 
changes to multiple care processes. Such changes may affect care outcomes over time for 
several months, and the same outcomes may be similarly affected across geographically 
dispersed settings. Our results and methodology will guide the broader medical and 
informatics communities by informing what and how to continuously monitor in similar 





We detected seasonal effects that were maintained in control sites, but were disrupted 
in intervention sites. ED length of stay and wait time increased significantly immediately 
after go live with a steady recovery in most intervention regions, whereas most control 
sites sustained seasonal patterns in the postintervention period. ED visits changed less 
uniformly and may not have affected the LOS outcomes; however, LOS may directly 
affect wait time, since longer stays may hamper providers’ capacity to admit more 
patients, leading to longer wait times. The prevalence of these effects across regions 
lends support for implementation of strategies to improve clinician efficiency in time-
constrained departments such as the ED. These strategies must be implemented for at 
least 1 year after go live, as demonstrated by our findings. Blood pressure control in 
diabetic patients tends to decrease in the winter [24]; such a pattern was observed in 
region 5, which went live in the Fall of 2016, with blood pressure control decreasing 
immediately after go live in both intervention and control groups. Such seasonal effects 
must be considered when choosing the most appropriate go live time. Laboratory and 
radiology orders frequently decreased immediately after go live across ambulatory 
regions. Total patient visits decreased significantly immediately after go live in regions 4 
and 5 potentially affecting the number of orders. Another alternative explanation is a 
decrease in inappropriate orders due to the implementation of system-wide order sets, as 
reported in previous studies [25-26]. Employee turnover increased significantly in 2 
ambulatory and 2 hospital regions, which may suggest an effect of an increasing EHR-
associated physician burnout [6-7]; however, such a hypothesis needs to be further 
explored. An improvement was observed in time to complete radiology tests, which 





Changes in other important outcomes such as ADEs and mortality rate were less 
frequently significant and may have been affected by other factors not assessed by this 
study.   
Time spent by provider documenting in EHR after the intervention frequently showed 
a downward slope, which is consistent with a more intense impact in the first moths after 
go live, as demonstrated by other outcomes. The lack of baseline data is a barrier to the 
interpretation of this trend; therefore, we recommend future research exploring electronic 
documentation using a longitudinal design with baseline performance to allow more 
complete assessments.  
Significant changes were less frequently observed in safety measures, with the 
exception of CDiff infections, which consistently improved across 3 intervention 
hospitals, including a decrease both immediately after go live and over time in region 2. 
A significant difference between the intervention and control groups attributable to 
changes that happened in the control sites was detected for nearly half of the measures. 
Most of these differences were detected in only one region. Possible explanations include 
exposure to organizational factors that could have affected outcomes; seasonal patterns 
affecting specific populations such as diabetes[26] and asthma patients[28]; and an 
indirect effect of the implementation in control sites (e.g., resources diverted from non-
implementation regions to implementation regions).      
Other complex industries such as aviation have mandatory continuous monitoring of 
safety measures for near real-time detection of adverse effects [27]. In health care, similar 
reporting is required by policy makers [28] and the government [29], although with an 





retrospectively. As demonstrated by Smith and Koppel[30], the intersection between 
patients, clinicians, and health IT has several misalignments that emerge from complex 
interactions happening in high-pressure care delivery settings; in such a complex 
environment, implementation of a new EHR will inevitably add to the complexity of the 
several aspects of care with which the EHR interacts[31].  Our study findings suggest that 
EHR implementation warrants an ongoing, near real-time, and systematic monitoring, 
similar to approaches adopted in the aviation industry. Monitoring should be present not 
only during the transition phase, but also continuously in order to detect changes caused 
by new versions, implementation of new modules, subtle changes introduced through 
configuration (e.g., CDS alerts, order sets), system malfunction, and human adaptation. 
Our findings also indicate that no single measure is sufficient for tracking such diverse 
impacts, which highlights the importance of using a large and diverse set of measures 
[17]. The measures can be tracked on a monthly basis or even near real-time depending 
on data availability. With an almost ubiquitous adoption of commercial EHR systems [1-
2], with many large integrated networks and academic medical centers adopting 
commercial EHRs [32-34], it is critical for health care organizations to systematically 
monitor their EHR implementations. Such an approach will help to: (1) increase detection 
of significant deviations from baseline performance; (2) allow for implementation of 
strategies to early detect and mitigate negative effects; and (3) continuously increase our 
understanding of the full impact of health IT interventions on quality, productivity, and 









Although our methodology effectively detected various performance changes, it does 
not explain how and why changes happened. To mitigate this limitation, we are currently 
conducting a complementary qualitative analysis to identify both sociotechnical changes 
introduced by the new EHR implementation that could help explain the effects detected 
in the present study, and potential confounders to add to our model. Intervention and 
control groups are located in different geographical areas and have different patient 
volumes; we mitigated this limitation by making comparisons within each group before 
comparing between groups. Due to the implementation in control sites, we were able to 
collect data for these settings only until July 2017, which could have hampered detection 
of significant effects. The commercial EHR implemented at Intermountain replaced 
legacy homegrown systems. It is unknown whether this compromises generalizability to 
settings replacing a commercial EHR with another commercial product; nonetheless, the 
proposed methodology does not rely on any of the components of the legacy system and 
could be applied to any setting using any EHR system.    
  
5.6 Conclusion 
We conducted a robust evaluation of a large-scale commercial EHR implementation 
including 4 medium-size hospitals and 39 clinics from 5 regions of the same care delivery 
system. We detected various patterns of impact and mixed time-sensitive effects. 
Significant performance changes were observed following the intervention in 40 (98%) 
measures in at least 1 region; in 32 (78%) measures in 2 or more regions; and in 12 (29%) 





medical and informatics communities by informing what and how to continuously 
monitor in similar future implementations. Furthermore, it can be used to detect 
unexpected effects earlier and more precisely, allowing the implementation of effective 
responses to mitigate negative impacts.  
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Figure 5.3 Rate of diabetic patients with blood pressure in control in regions 2, 3, 4, and 5 




















































5.8 Supplementary Materials 
Table 5S.1. Detailed setting characteristics  
Characteristic Region 1 Region 2 Region 3 Region 4 Region 5 Control 
EHR Go live Feb-15 Oct-15 Feb-16 Apr-16 Oct-16 Jul-17 













Ambulatory care clinics 5 7 9 10 8 10 
Ambulatory practice 
typea             
Primary care (n) 2 5 7 3 6 6 
Mixed (n) 3 2 2 7 2 4 
Ambulatory clinical 
setting             
Hospital-based 1 2 4 5 3 3 
Non-hospital-based 4 5 5 5 5 7 





(191)  611 (50) 971 (81) 
1704 
(132) 1186 (147) 
Hospital size             
Medium (100 - 399 beds) 1 1 - 1 1 1 
Large (> 400 beds) - - - - - 1 
Teaching status             
Academic - - - - - - 
Non-academic 1 1 - 1 1 2 
Medium hospital 








admissions, M (SD)c - - - - - 2517 (130)  
Notes: EHR: electronic health record; M: Mean; SD: standard deviation. 
a Primary care settings include the specialties Family Medicine, Internal Medicine, and/or Pediatrics; Mixed 
settings include any of the three previous primary care specialties and other secondary specialties. 
b Denotes average visits per month for the whole study period calculated by combining all clinics within 
each region.   













Table 5S.2. Detailed description of ambulatory measures  
Measure Description Criteria 
Quality of care measures 
Blood pressure 
control 
Rate of diabetes patients with 
blood pressure under control 
N: diabetes patients with blood 
pressure under control 
D: diabetes patients with blood 
pressure measured  
Diabetes Bundle 
Composite measure for diabetes 
control  
N: patients in compliance with all 
diabetes bundle items (hemoglobin 
A1c; blood pressure; retinopathy 
screening; nephropathy screening) 
D: eligible diabetes patients 
Hemoglobin A1c 
control 
Rate of diabetes patients with 
hemoglobin A1c under control 
N: diabetes patients with 
Hemoglobin A1c below 8% 
D: diabetes patients with 
Hemoglobin A1c measured 
Medication for 
Asthma 
Rate of asthma patients using 
appropriate medication 
N: asthma patients who received 
controller reliever medication 
D: eligible asthma patients  
Productivity measures 
Employee movement 
Rate of employees moved 
permanently to a different 
facility or department 
N: ambulatory employees 
transferred to a different work 
location 
D: total ambulatory employees 
Employee turnover 
Rate of employee contracts 
terminated 
N: ambulatory employees with 
voluntary contract termination 
D: total ambulatory employees 
Laboratory orders 
Number of orders of laboratory 
tests 
Number of orders of laboratory 
tests 
New patient visits 
Rate of new patient visits to 
ambulatory settings 
N: new patient visits 
D: total patient visits 
Patient visits 
Number of patient visits to 
ambulatory settings 
Number of patient visits to 
ambulatory care clinics 
Radiology orders 
Number of orders of imaging 
tests Number of imaging tests completed 
Time documenting in 
EHR 
Average time spent by provider 
documenting in electronic 
health records per patient 
Average time spent per provider 
documenting (any interaction 
within a patient chart) in electronic 
health records per patient – Monday 
to Friday – 8 am to 6 pm 
Time documenting in 
EHR after hours 
Time spent by provider 
documenting in electronic 
health records after work hours 
Average time spent per provider 
documenting (any interaction 
within a patient chart) in electronic 
health records per patient after 6 pm 







Table 5S.3. Detailed description of hospital measures  
Measure Description Criteria 
Quality of care measures 
Hospital LOS 
Length of stay of hospitalized 
patients 
Average hospital length of stay in 
days 
Mortality rate 
Rate of patients who died 
during hospitalization 
N: patients who died during 
hospitalization 
D: total patients hospitalized 
NICU admissions 
Number of patients admitted to 
newborn intensive care unit  
Number of patients admitted to 
newborn intensive care unit  
NICU LOS 
Average length of stay of 
newborn intensive care unit 
patients 
Average length of stay of newborn 
intensive care unit patients in days 
Patient satisfaction 
Rate of patients who gave their 
hospital a rating of 9 or 10 on a 
scale from 0 (lowest) to 10 
(highest) 
N: patients who rated the hospital 
they were admitted as 9 or 10 
D: patients who answered the survey 
Pressure ulcer rate 
Rate of patients who developed 
pressure ulcer during 
hospitalization 
N: inpatient pressure ulcer cases 
D: 100 total inpatient discharges 
Readmission rate 
Rate of heart failure patients 
readmitted within 30 days 
N: unplanned heart failure 
readmissions 




Length of stay of patients in 
emergency departments 
Median length of stay of patients in 
the emergency department in hours 
ED visits 
Number of patient visits to 
emergency departments 
Number of emergency department 
visits 
ED wait time 
Mean time between patient 
arrival and seen by provider in 
emergency departments 
Median time between patient check-




Rate of orders entered 
electronically by provider 
Rate of orders entered by provider on 
electronic health record system 
Employee 
movement 
Rate of employees moved 
permanently to a different 
facility or department 
N: hospital employees transferred to a 
different work location 
D: total hospital employees 
Employee turnover 
Rate of employee contracts 
terminated 
N: hospital employees with voluntary 
contract termination 
D: total hospital employees 
Hospitalizations Number of patients hospitalized Number of patients hospitalized 
Laboratory orders 
Number of orders of laboratory 
tests Number of orders of laboratory tests 
Radiology orders Number of imaging tests Number of imaging tests completed 
Time documenting 
in EHR 
Time spent by provider 
documenting in electronic 
health records per patient 
Average time spent per provider 
documenting (any interaction within 
a patient chart) in electronic health 





Table 5S.3. Continued 
Measure Description Criteria 
Productivity measures 
Time to complete 
radiology tests 
Mean time between radiology 
test started and completed 
Mean time between patient arrival 
and imaging test completed 
Time to sign 
radiology tests 
Mean time between radiology 
test completed and report 
issued by radiologist 
Mean time for issuing imaging test 
report 




Rate of hospital-acquired 
surgical site infections for 
abdominal hysterectomy 
surgeries  
N: abdominal hysterectomy 
infections 
D: abdominal hysterectomy 
procedures 
ADEs rate Rate of adverse drug events 
N: adverse drug events  
D: 1000 inpatient days 
Bloodstream 
infection rate 
Rate of hospital-acquired 
central line associated 
bloodstream infections  
N: central line associated 
bloodstream infections 
D: 1000 central line days 
Colon surgery 
infection rate 
Rate of hospital-acquired 
surgical site infections for 
colon surgeries 
N: colon surgery infections 
D: colon surgery procedures 
Fall rate 
Rate of patient falls during 
hospitalization 
N: patient falls 
D: 1000 inpatient days 
Hospital-acquired 
CDiff infection rate 
Rate of hospital-acquired 
infections caused by 
Clostridium Difficile 
N: Clostridium Difficile infections 
D: 10000 inpatient days 
Hospital-acquired 
CRA infection rate 
Rate of hospital-acquired 
infections caused by 
Carbapenem-resistant 
Acinetobacter 
N: CRA infections 




Rate of hospital-acquired 
infections caused by 
Methicillin-resistant 
Staphylococcus aureus  
N: MRSA infections 
D: 10000 inpatient days 
Hospital-acquired 
VRE infection rate 
Rate of hospital-acquired 
infections caused by 
Vancomycin-resistant 
Enterococci  
N: VRE infections 
D: 10000 inpatient days 
Urinary tract 
infection rate 
Rate of hospital-acquired Foley 
catheter-associated urinary tract 
infections  
N: catheter-associated urinary tract 
infections 
D: 1000 Foley catheter days 


























































Figure 5S.3. Medication for asthma compliance in ambulatory clinics before and after 







































































































































Figure 5S.9. Time documenting in EHR after hours in ambulatory clinics before and after 






























































































































































































































































































































































































































































































































Figure 5S.27. Abdominal hysterectomy infection rate in hospital settings before and after 






















































































































































































































































 LOOKING BEHIND THE CURTAIN: IDENTIFYING FACTORS IMPACTING 
QUALITY, PRODUCTIVITY, AND SAFETY OUTCOMES DURING A             
LARGE COMMERCIAL EHR IMPLEMENTATION 
 
Tiago K. Colicchio, Damian Borbolla, Vanessa D. Colicchio, Debra L. Scammon, 




Guided by a previous longitudinal evaluation of a large commercial electronic health 
record implementation, we invited clinical employees from the same implementation for 
semistructured, in-depth interviews to identify factors contributing to performance 
changes detected on the outcomes previously monitored. Fourteen interviews were 
recorded and transcribed. Three authors independently coded interview narratives and via 
consensus produced a final version of 14 factors that potentially affected 15 outcomes of 
quality, productivity, and safety. Our findings demonstrate that several factors may affect 
outcomes in different ways during a commercial EHR implementation. This is the first 
study to explore factors contributing to changes on care outcomes during an information 





analysis. We recommend continuous identification and monitoring of these factors in 
future similar evaluations to hopefully increase our understanding of the full impact of 
health IT interventions. 
 
6.2 Background and Significance 
Electronic Health Record (EHR) systems adoption in the U.S. has increased to rates 
never observed before [1]. As a result, the literature evaluating the impact of health 
information technology (health IT) interventions on quality, productivity, and safety 
outcomes has also increased [2]. Several systematic reviews have analyzed health IT 
evaluations. Overall, these reviews found weak evidence and mixed results across 
studies, leaving unanswered questions as to the impact of health IT interventions [2-5]. 
The lack of consistent evidence has been attributed primarily to insufficient descriptions 
of study settings and interventions; the use of a narrow set of study-specific 
measurements; and weak research designs that do not consider the longitudinal effects 
introduced by health IT interventions [2]. Studies from other service sectors such as 
retail, transportation, and finance, demonstrate that IT adoptions tend to produce positive 
outcomes only when accompanied by complementary changes or investments (e.g., 
proper training, upgrading IT infrastructure, adapting workflows) necessary to take full 
advantage of new technologies [6]. Such factors have not been explored in evaluations of 
IT adoption in the health care industry and deserve further attention from the broader 
medical and informatics communities [7].  
We have developed a systematic methodology to detect near real-time performance 





literature [8] and suggested by subject-matter experts [9]. In a previous study, our method 
was tested in a large commercial EHR implementation involving 4 medium-size hospitals 
and 39 clinics from a large care delivery system [10]. While our methodology was able to 
effectively detect what and to what extent changes happened, it was not designed to 
elucidate the dynamics surrounding how they happened. The objective of the present 
study is to identify factors that may have contributed to changes detected on quality, 
productivity, and safety outcomes during a large commercial EHR implementation in 
order to increase our understanding of the full impact of health IT interventions and to 
guide future research. To elicit those factors, we augmented our quantitative findings 
with semistructured, in-depth interviews with clinical leaders and staff from 1 medium-
size hospital and 10 clinics from the larger implementation previously monitored.  
 
6.3 Materials and Methods 
6.3.1 Description of the Previous Longitudinal Evaluation 
Intermountain Healthcare, a not-for-profit, integrated care delivery system of 22 
hospitals and over 185 clinics covering Utah and southern Idaho, is midway through a 
project to replace a group of homegrown legacy systems [11-12] with the commercial 
Millennium EHR (Cerner Corporation, Kansas City, MO, U.S.). The Cerner EHR 
implementation uses a phased approach with the introduction of the new EHR across 10 
geographical regions at different points in time. The implementation in each region 
followed a “big bang” strategy, replacing all legacy systems at once within that region. 
We have conducted a longitudinal evaluation of the implementation in the first 5 regions 





monthly data from February 2013 to July 2017 for 41 outcomes (11 quality measures, 20 
productivity measures, and 10 safety measures), selected from an inventory of outcomes 
likely impacted by health IT interventions [9]. Data were analyzed using an ordinary least 
squares model [13] that assessed whether the outcomes monitored were impacted 
immediately after the introduction of the implementation (i.e., EHR “go live”) and 
compared the average change per month in the outcome before and after the go live. 
Table 6.1 lists the outcomes from our previous evaluation that were subjects of further 
investigation in the present study.  
 
6.3.2 Design and Settings 
We conducted a mixed-methods study with a sequential explanatory design [14]. The 
design combines interpretation of the quantitative results of our previous study [10] with 
in in-depth, semistructured interviews with clinical leaders and staff from 1 hospital (375 
beds) and 10 primary care clinics from one of the most recent implementation regions 
(fourth region [10]) to prevent recall bias and at the same time give enough time for 
participants to be exposed to the new system. The third region did not have any hospitals 
fitting the inclusion criteria and the fifth region was using the new system for less than 1 
year, and its clinicians may not have had enough time to experience all ongoing effects 
introduced during the implementation. Intermountain Healthcare Institutional Review 









We selected all outcomes from the previous quantitative study that detected a 
statistically significant change after the go live in the targeted settings [10] (Table 6.1), 
and invited clinical leaders from the departments that represent these outcomes to 
participate in an in-depth, semistructured interview. The goal of the interview process 
was to identify factors that may have contributed to changes detected on the outcomes in 
question. We designed and piloted an interview script to facilitate identification of factors 
experienced during the new EHR implementation that could have contributed to the 
changes detected by our previous study. Interview questions can be found in Table 6S.1 
in the Supplement. Interviews were conducted in person and lasted from 30 to 60 
minutes. Figure 6.1 illustrates an example of the data presented to interviewees to help 
guide the discussion. Graphs of all measures included in the interviews can be found in 
Figures 6S.1 to 6S.15 in the Supplement. The interviews were divided into 3 steps: (1) 
presentation of outcomes; (2) open-ended questions; and (3) referral to other 
interviewees. In the first step, we provided a brief explanation of the overall objective of 
the interview to make sure that all informants conceptualize “factors” in the same way 
(i.e., changes to processes, procedures, assets, or resources that could have affected the 
outcomes discussed and potentially explain the impacts detected). Interviews were 
conducted until we had interviewed at least 2 employees for each measure and/or had no 








6.3.4 Data Analysis 
We conducted a systematic content analysis of the interview narratives based on 
guidelines of Srnka et al. for analyzing qualitative data to derive new theory [15]. The 
analysis was conducted in 6 stages: 
Stages 1 and 2: Recording and transcription. The audio recordings from the 
interviews were transcribed and deidentified.  
Stage 3: Unitization. Transcriptions were split into units that represent informants’ 
responses about each outcome discussed. 
Stage 4: Coding of contributing factors. Three authors (TKC, DB, VDC) with distinct 
backgrounds (business, medicine, nursing) independently coded relevant responses that 
explain potential causes of the changes on each outcome. We initially attempted to use a 
combined deductive-inductive approach as suggested by Srnka et al.[15], with the 
sociotechnical dimensions of health IT impact proposed by Sittig and Singh[16], but 
found that they did not provide enough granularity and depth of the potential causes 
reported by the informants. We then adopted an inductive approach with each coding 
author independently identifying categories that explain the changes for each outcome. 
Multiple sessions were conducted. In each session, the authors collaboratively reviewed 
initial codes and merged them into a redefined category through consensus. The resulting 
codes were used in the subsequent iterations. Once all transcripts were coded, similar 
categories were merged based on consensus, and precise definitions were given to each 
category, resulting in a final list of factors that may have contributed to the changes on 
each outcome.     





asked to suggest data available in electronic format to quantitatively measure their impact 
on the outcomes in future similar evaluations. The same steps in Stage 4 were followed 
for the identification of these covariates. 
Stage 6: Identification of factors associated with the new EHR implementation. Once 
factors were identified using the coding scheme developed in Stage 4, the three coding 
authors had a final session to collaboratively reach consensus about the classification of 
the factors according to the following categories: EHR implementation-associated, 
partially associated, and not associated. 




We interviewed 14 clinical leaders and staff who reported 14 factors that may have 
contributed to the changes detected on the outcomes. A description of each factor is given 
below according to the following categories: EHR implementation-associated, partially 
associated, and not associated. We identified 17 covariates with data available in 
electronic format to quantitatively measure 12 of the 14 factors identified. Table 6.2 lists 
contributing factors and the outcomes potentially affected. Table 6.3 lists the covariates. 
Participants’ characteristics can be found in Table 6S.2 in the Supplement. 
 
6.4.1 Factors Associated with the EHR Implementation 






6.4.1.1 Decrease in Communication 
Emergency department (ED) leaders reported that due to the increased electronic 
documentation, communication between nurses and physicians decreased potentially 
impacting length of stay (LOS) and wait time: “Communication decreased while 
interruption increased, massively. Our doctors were hiding in the physician lounge.” No 
specific covariate was identified for monitoring this factor.    
 
6.4.1.2 Incomplete Data Migration 
A primary care provider reported that due to a partial data migration from the legacy 
to the new EHR, some clinical decision support (CDS) alerts were inaccurate, potentially 
affecting laboratory orders: “I see a lot of overdue stuff. I don’t know if it’s overdue, so it 
doesn't get ordered.” Acceptance rate of CDS alerts could be a covariate potentially 
affecting laboratory orders. 
 
6.4.1.3 Increase in Staff 
Primary care providers hired new personnel to help with electronic documentation in 
order to recover to normal volume of patient visits: “Some physicians employed scribes.” 
ED leaders increased their nursing staff to prevent problems in LOS and wait time: “We 
hired 12 more nurses over the preceding months.” No specific covariate was identified 








6.4.1.4 Learning Curve 
The need to allow time to learn the new system hampered clinicians’ efficiency in the 
ED potentially contributing to longer stays and wait time, as reported by an ED manager: 
“Nurses became efficient with their [legacy] program with time, so you have to give 
people time.” Primary care providers also reported that their practices were less efficient, 
which may have affected their volume of patient visits: “The issue is people are learning 
how to use the system. It’s not only the physician. It’s also the front desk and nursing 
staff.” According to informants, appropriate training resources were available; however, 
they felt that they only learned the new system in production, and that they needed more 
support from “technology champions”: “Those resources have been deployed to help 
with go lives in other regions.” The number of people allocated for go live support can be 
a covariate and/or a moderator since it may hamper clinicians’ efficiency after the go 
live, potentially contributing to longer LOS and wait time, and lower volume of visits.     
 
6.4.1.5 Missing Functionality 
A primary care provider reported that the new EHR missed a key functionality 
available in the legacy system that was used in situations where blood pressure was 
temporarily high, but did not demand treatment changes: “I don’t have clinical 
judgement. Now it’s just the number so if they [nurses] don’t do a blood pressure 
clinically perfect it’s going to be high.” The informant suggested monitoring 
documentation of acute illness and changes to hypertension treatment as covariates for 






6.4.1.6 Redistribution of Staff or Work 
Primary care staff started to orient patients to arrive earlier as an attempt to recover to 
normal levels of patient visits, as reported by a primary care provider: “We call them and 
say, ‘You need to make sure you are 10 or 15 minutes before your appointment’.” An 
infectious disease specialist reported that the new EHR more effectively captured 
potential infection cases as compared to the legacy system, causing a redistribution of 
preventive tasks in order to investigate an increased volume of potential surgical site 
infections (SSIs): “We had to send out other tasks.” ED managers reported that a 
difference of clinician-patient ratio between nursing and physician staffs was the most 
significant factor contributing to longer LOS and wait time: “They [physicians] didn’t 
change their patient ratios even though they were massively increasing their workload.” 
ED Informants suggested monitoring provider-patient ratio as a covariate potentially 
affecting LOS and wait time.      
 
6.4.1.7 Resistance to Learn or Use a New EHR 
Intensive care unit (ICU) nurses reported multiple examples of colleagues who 
demonstrated a resistance to learn and use the new EHR, which potentially affected 
employee turnover: “They said, ‘the day the system goes live, I quit’.” This resistance 
was perceived as more likely to affect older employees: “It seemed to be harder on older 
people.” Management tried to implement diverse training strategies, but were still 
unsuccessful, as reported by an ICU manager: “They didn't want to learn a new system.” 
Informants suggested tracking employee age as a covariate potentially affecting 





6.4.1.8 System Configuration 
System configuration includes functionality that was added or modified during the 
implementation and affected multiple outcomes such as laboratory orders, time 
documenting after hours, and infections. A primary care provider reported that CDS 
alerts were progressively added to the system to decrease inappropriate laboratory orders: 
“We actually would have alerts saying, ‘Why are you ordering this, it looks like it’s not 
necessary’.” Another primary care provider reported that he frequently completed 
documentation after hours remotely: “What about the mobile app? Last night I couldn't 
sleep so I did labs from like 1:00 to 2:00 am.” Infectious disease specialists reported that 
the new EHR captured more potential SSI cases than they could investigate: “There were 
just so many we finally said, ‘Hey, we're going to look at every patient in the hospital’.” 
This functionality improved over time and may have contributed to the identification of 
more infections associated with hysterectomy and colon surgeries. They also reported 
that the new system was configured to trigger automatic orders to isolate patients every 
time a suspected or historical infection was documented which increased the number of 
patients in isolation: “MRSA and CDiff are going down, which makes sense with 
isolation increasing.” Primary care informants suggested monitoring acceptance rate of 
CDS alerts as a covariate potentially affecting laboratory orders. Infectious disease 
specialists suggested monitoring the number of patients in isolation as a covariate 
affecting MRSA and CDiff infections, and the number of potential infections captured by 








6.4.1.9 Workflow Redesign 
Workflow changes affected multiple outcomes in both types of settings. Two primary 
care providers reported that they were not able to recheck blood pressure in some cases, 
which potentially affected blood pressure control: “Because the log-in process was so 
painful, people were not rechecking blood pressures at the time.” Due to the 
implementation of computerized provider order entry (CPOE), nursing staff had to wait 
for physicians to enter laboratory orders before collecting laboratory samples, which may 
have decreased the number of laboratory orders: “Now they [nurses] need us [physicians] 
to sign off before it gets done.” A primary care director reported that providers were 
oriented to document as much as possible at the time of the visit to avoid after hours 
documentation: “We talked to the physicians to get the documentation done at the time of 
the visit.” However, in most cases physicians were not able to follow the orientation, as 
reported by a primary care provider: “On Tuesday, I stop seeing patients at 11:30 and 
chart the ones from Monday until 5 o’clock.” ED leaders implemented changes in patient 
flow to decrease LOS and wait time: “Part of that [recovery] is interventions we did 
addressing patient flow.” Primary care informants reported that increased volume of 
visits may increase documentation and suggested monitoring patient visits as a covariate 
for time documenting after hours. 
          
6.4.2 Factors Partially Associated with the EHR Implementation 







6.4.2.1 Change in Care Pathways 
Change in care pathways potentially affected the rate of readmissions for heart failure 
(HF) patients, as reported by a cardiovascular director: “Our team was updating our 
protocols to improve these data; we have [order sets] for admissions.” Informants 
suggested monitoring appropriate use of medication for heart failure as a covariate for 
readmission rate.  
 
6.4.2.2 Intentional Decrease in Volume of Work 
A primary care director reported that primary care providers were oriented to limit 
their schedules after the go live: “Clinics had their schedules limited in a way that would 
allow us to have time to deal with the new system.” This orientation may have affected 
patient visits and laboratory orders, as reported by a primary care provider: “You have a 
drop in volume, so labs would probably go down.” Informants suggested monitoring the 
number of patient visits as a covariate for laboratory orders. 
 
6.4.3 Factors not Associated with the EHR Implementation 
Three factors not associated with the EHR implementation were reported by 
informants. 
 
6.4.3.1 Health Insurance Changes 
Changes to health insurance coverage affected all primary care outcomes with the 
exception of blood pressure control. Primary care providers reported that new 





have a focus on trying to capture every single diagnosis for Medicare before.” One 
primary care provider reported that insurance companies progressively removed coverage 
of tests ordered in physical examinations: “The insurance change was a push back on 
physicians to kind of change our behavior,” which potentially caused a decrease in 
laboratory orders. He also reported that patients are more frequently opting for health 
savings accounts; such patients tend to avoid chronic disease management visits, which 
impacts compliance to diabetes bundle and patient visits: “People don’t come frequently 
for their diabetes control because it’s out of their pocket.” Another primary care provider 
reported that their top health insurance lost a big contract close to the go live, which may 
have decreased the number of new patient visits: “A contract with [company name 
hidden] was supposed to come to us but it went to [company name hidden].” Informants 
suggested monitoring risk adjustment factor as a covariate for time documenting after 
hours; type of health insurance as a covariate for diabetes bundle and patient visits; rate 
of laboratory tests covered for physical exams as a covariate for laboratory orders; and 
rate of patients per top health insurance as a covariate for new patient visits.    
 
6.4.3.2 Patient Engagement 
According to one primary care provider, two diabetes bundle items, hemoglobin A1c 
and eye exam, depend on patient engagement: “They [patients] have to go to an 
ophthalmologist.” He also reported: “He [patient] is working in two jobs, eating out 







6.4.3.3 Seasonal Pattern 
The implementation happened in a period of increased ED visits:  “This is seasonal… 
it wasn’t related to the new EHR.” The increased visits may have affected LOS and wait 
time: “The volume itself will affect the length of stay and the door to provider.” ED 




To the best of our knowledge, this is the first study to investigate factors contributing 
to changes on quality, productivity, and safety outcomes during a health IT intervention 
guided by the results of a longitudinal evaluation. Our focus on the understanding of 
time-sensitive effects observed during a large EHR implementation allowed identification 
of diverse factors potentially affecting the outcomes. The diversity of factors identified 
indicates the need for adapting processes, procedures, and resources in order to take full 
advantage of new technologies is as important for the health care sector as it is for other 
services sectors. Our findings lend support to the need for more robust evaluations that 
consider the impact of these factors. 
Hospital outcomes were more consistently affected by factors associated with the new 
EHR implementation. Several factors affected ED outcomes; however, our qualitative 
analysis revealed that the lack of go live support intensified and expanded clinicians’ 
learning curve, and may have been the most plausible explanation for longer stays and 
wait time. Although the nursing staff decreased their patient ratios for several weeks, the 





ordering functionality in the legacy EHR, and faced a significant change moving from 
paper-based ordering to electronic ordering. The lack of go live support affected this 
process for several weeks. Most informants reported that appropriate training resources 
were available, but perceived that effective learning seems to happen only from the use of 
the new system in the operational environment, and felt that they needed additional 
support from “technology champions.” This learning curve could have been controlled 
with proper planning of go live support and anticipation of human-computer interface 
problems. Although employee turnover has been rated by subject-matter experts as the 
least relevant measure for assessing EHR implementations [9], our findings indicate that 
some employees may resist learning and using a new EHR and potentially quit their jobs 
or advance their retirement. Such resistance could have been anticipated with the use of 
validated instruments for measuring acceptance of new technologies [18]. Surgical site 
infections increased after the go live mostly due to the EHR’s increased rate of detection 
of potential infection cases to investigate; however, this increase in detection was 
observed only after the functionality was improved, which was not anticipated and 
happened while the system was already operational. MRSA and CDiff infections may 
have decreased likely due to a system configuration that prospectively increased the 
number of patients in isolation by requiring providers to complete isolation orders 
generated automatically. Primary care informants indicated that a key functionality was 
not available in the new EHR and felt that they lost clinical judgement to decide when 
patients were hypertensive. Identification of missing functionality could have been 
controlled by stakeholders with enhanced involvement of end-users in the design and 





frequently ignored in similar interventions [20].  
Ambulatory outcomes were more consistently affected by factors not associated with 
the new EHR implementation, except for a seasonal pattern that potentially affected ED 
measures. The constant changes to insurance coverage and billing documentation may 
have decreased the volume of patient visits and laboratory orders, and, in spite of that, 
added an enormous documentation burden. Such a burden was worsened by the new EHR 
implementation due to the time necessary to learn the new system. In our previous study, 
time documenting after hours in the new EHR ranged from 0.8 to 2.3 hours per provider 
per month [10]. The same outcome has been reported elsewhere as 1.4 hours per provider 
per weekday [21]. Our qualitative analysis found that providers frequently blocked 
periods of their schedule in order to document previous visits during work hours, such a 
documentation was not captured as “after hours” by our measurements, which may 
explain the smaller times observed in our institution. Although insurance changes are not 
controlled by stakeholders, early involvement of end-users and allocation of “technology 
champions” for go live support are processes that can be internally controlled and could 
have mitigated the documentation burden. Providers suggested that a decrease in 
compliance with the diabetes bundle is more likely to have been affected by a decrease in 
chronic disease management visits, which is a factor out of their control. We identified 
data available in electronic format to quantitatively monitor 17 covariates in future 
evaluations in order to confirm or discard the hypothesis that the factors identified can 







6.5.1 Implications for Future Research and EHR Implementations 
We recommend more attention to preventive actions such as allocation of 
“technology champions” after the go live, for as long as needed, especially in time-
constrained settings such as the ED. Another strategy is to simulate the workflow in the 
production environment as demonstrated elsewhere [21]. Health care leaders must try to 
anticipate that some employees might resist learning the new EHR and develop strategies 
to engage these employees as early as possible. Involvement of end-users in the early 
stages of system customization is also paramount. Finally, we recommend a mixed-
method approach in future evaluations including a qualitative analysis guided by 
longitudinal quantitative evaluations using our previously tested methodology [9-10] and 
monitoring of covariates. Such an approach is necessary to improve the capacity of health 
care leaders, health IT vendors, and researchers to more effectively monitor EHR 




Information obtained in the interviews was susceptible to the personal biases of each 
informant. We were able to interview only 14 informants from only one implementation 
region, which may have compromised identification of other factors. Nonetheless, we 
interviewed at least 2 employees per measure, and in some cases the only employees 
specialized in the outcomes in question (e.g., the only 2 infectious disease specialists), 
which may have led to the identification of the most prominent factors. Intermountain 









We conducted a mixed-methods study combining quantitative results of a 
longitudinal evaluation of a commercial EHR implementation with semistructured, in-
depth interviews and identified 14 factors contributing to changes on care outcomes. We 
also identified 17 covariates for monitoring 12 of these factors. Our findings demonstrate 
that several factors may affect outcomes in different ways during a commercial EHR 
implementation and lend support for more robust evaluations that consider the impact of 
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Table 6.1 Outcome measures from the longitudinal study included in the qualitative 
analysis. 
Type of 
measurement Measure Description 
Significant impact observed in 
the previous evaluation 
 
 






Rate of diabetes 
patients with blood 
pressure in control 
Decreased immediately after the go 





for diabetes control  
Decreased immediately after the go 










Number of orders of 
laboratory tests 




Rate of new patient 
visits to ambulatory 
settings 
Decreased immediately after the go 
live 
Patient visits 
Number of patient 
visits to ambulatory 
settings 
Decreased immediately after the go 





Time spent by 
provider documenting 
in electronic health 
records after 6 p.m. 








Rate of heart failure 
patients readmitted 
within 30 days 











Length of stay of 
patients in the 
emergency 
department 
Increased immediately after the go 
live followed by a decrease per 
month 
ED visits 
Number of patient 
visits to the 
emergency 
department 
Decreased immediately after the go 
live 
ED wait time 
Mean time between 
patient arrival and 
seen by provider in the 
emergency 
department 
Increased immediately after the go 




Rate of employee 
contracts terminated 


























acquired surgical site 
infections for colon 
surgeries 







Table 6.1. Continued 
Type of 
measurement Measure Description 
Significant impact observed in 












acquired infections of 
Clostridium Difficile 


















































ED wait time 
Due to CPOE adoption 
communication between 
providers decreased and 
interruptions increased 
Incomplete 
data migration  
Yes Laboratory orders 
Partial data were migrated from 
the legacy system to the new 
EHR comprising accuracy of 





ED wait time 
Patient visits 
Twelve ED nurses were hired 
prior to the go live 
Some PC physicians employed 
scribes 
Learning curve Yes 
ED LOS 
ED wait time 
Patient visits 
New patient visits 
Due to new functionality to 
learn, recovery to baseline 




Yes Blood pressure 
The new EHR missed a key 
functionality that allowed 
overlapping of BP 
measurement 
Redistribution 




ED wait time 
Patient visits 




ED Physicians decreased their 
patient ratios for three days 
only 
Patients were oriented to arrive 
earlier for their PC visits 
Some preventive tasks were 




using a new 
HER 
Yes Employee turnover 
Some clinical personnel quit to 
avoid learning or using a new 
EHR 













Laboratory alerts were added 
progressively 
PC providers used a mobile app 
to complete visit documentation 
The new EHR had a more 
robust capability for capturing 
potential infections, which was 



























Patient flow was adapted at the 
ED 
Physicians may not have 
double checked BP in some 
cases 
The process for collecting lab 
samples at the clinics was 
redesigned due to CPOE 
adoption 
Change in care 
pathways 
Partially Readmission rate 
Care pathways were adapted to 
improve HF treatment 
Not all protocols were 







New patient visits 
Laboratory orders 
Physicians were seeing fewer 












Patients with health savings 
accounts tend to avoid chronic 
disease management visits 
Insurance companies stopped 
covering the most common 
tests in physical exams and 
started to require more strict 
coding of procedures 
Patient 
Engagement 
No Diabetes bundle 
Half of the bundle items depend 






ED LOS  
ED wait time  
The go live was postponed due 
to problems in previous regions 
and happened in a time of a 
slight pick 
Source: Explanatory factors and outcomes impacted by them identified by the authors in the 
qualitative analysis. Notes: EHR: electronic health records; PC: Primary care; ED: emergency 



















Change in hypertension 
pharmacotherapy 
Acute illness 
Pharmacotherapy changes may be 
associated with hypertension status 




Individual bundle items 
Type of health 
insurance  
Type of health insurance may be 




CDS alerts accepted  
Lab tests covered per 
type of visit 
Patient visits 
Alerts of appropriate lab test may be 
associated with lab orders 




in EHR after 
hours 
Risk adjustment factor  
Patient visits 
Risk adjustment factor may be 
associated with electronic 
documentation  
Patient visits may be associated with 
lab orders 
Previous visits may be documented 




Type of health 
insurance  
Increased documentation may 
decrease patient visits 
Type of health insurance may 
decrease patient visits 
New patient 
visits 
Proportion of patients 
per top insurance 
providers 
Loss of patients from top insurance  




Not identified during 
interviews Not identified during interviews 
ED LOS 
ED wait time 
ED visits 
Provider-patient ratio 
Go live support 
personnel 
More ED visits may increase LOS and 
wait time 
Provider patient ration may be 
associated with LOS and wait time 
More personnel for go live support 




infections Patients in isolation 
Number of patients in isolation may 






Number of suspected 
infection cases 
according to the CDC's 
NHSN 
Number of potential infections 
captured by the EHR may help 
increase identification of true cases 
Employee 
turnover Employee age 
Employee age may be associated 
with resistance to a new EHR 




Appropriate use of 
medication for heart 
failure 
Adherence to care pathways for heart 
failure may be associated with 







Figure 6.1 Example of data presented in the interviews.  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: The graph 
illustrates the median length of stay in hours in the Emergency Department (ED) over time with a 
significant increase immediately after the go live in the intervention site when compared to the 



















6.8 Supplementary Materials 
 
 
Figure 6S.1. Blood pressure control rate per month  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the proportion of diabetes patients with blood pressure in control 
over time with a significant decrease immediately after the go live followed by a 




























Figure 6S.2. Diabetes bundle compliance per month  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the proportion of diabetes patients in compliance with all bindle 
items over time with a significant decrease immediately after the go live and over time in 































Figure 6S.3. Number of laboratory test orders per month  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the number of laboratory orders over time with a significant 
































Figure 6S.4. Rate of new patient visits per month  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the proportion of diabetes patients with blood pressure in control 
over time with a significant decrease immediately after the go live in the intervention 































Figure 6S.5. Total patient visits per month  
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the number of patient visits over time with a significant decrease 
immediately after the go live followed by a significant increase over time in the 































Figure 6S.6. Time documenting in the EHR after 6 p.m. per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates average time documenting per provider per patient after 6 p.m. in 
the post-intervention period with a significant increase over time in the intervention sites. 
Data to calculate this measure were available only in the new EHR and were assessed in 































Figure 6S.7. Rate of heart failure patients readmitted within 30 days per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter). Notes: The 
graph illustrates readmission rate over time with a significant decrease immediately after 
the go live in the intervention site when compared to the control site.  































Figure 6S.8. Emergency department length of stay per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the median length of stay in hours in the Emergency Department 
(ED) over time with a significant increase immediately after the go live followed by a 































Figure 6S.9. Emergency department visits per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the number ED visits over time with a significant increase 
































Figure 6S.10. Emergency department wait time per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the median time to be admitted in the ED over time with a 
significant increase immediately after the go live followed by a significant decrease over 































Figure 6S.11. Employee turnover rate per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the employee turnover rate over time with a significant increase 
































Figure 6S.12. Rate of hospital-acquired abdominal hysterectomy infections per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the rate of infections over time with a significant increase per month 






























Figure 6S.13. Rate of hospital-acquired colon surgery infections per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the rate of infections over time with a significant increase per month 

































Figure 6S.14. Rate of hospital-acquired infections of Clostridium Difficile per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the rate of infections over time with a significant decrease per month 































Figure 6S.15. Rate of hospital-acquired infections of Methicillin-resistant Staphylococcus 
aureus per month 
Source: Graph retrieved from our previous longitudinal evaluation (Chapter 5). Notes: 
The graph illustrates the rate of infections over time with a significant decrease 































Table 6S.1. Interview script 
Interview phase Questions asked 
Questions about 





that could have caused 
those changes 
a. During the new EHR go live, did you notice the performance 
change(s) on the outcomes presented here? 
 
b. What other changes to processes, procedures, resources, and 
assets were introduced during the implementation of the new 
EHR? 
 
c. Do you believe these changes are associated with the 
outcome(s) here presented? If so, how did the change(s) impact 
the outcome and your work? 
Questions about the time 
when these factors were 
introduced 
a. Please describe how you were informed about and prepared for 
the changes previously discussed?  
 
b. When these changes were introduced (before, after go live)? 
 
c. Are they still impacting your work? How? 
Questions to understand 
how these factors affected 
the study outcomes 
a. Please tell me about any strategies implemented by the IH 
leadership to mitigate/maximize the impact introduced by the 
implementation or by the changes previously discussed? 
 
b. Were they effective? 
 
c. Do you believe that lack of training and/or go live support could 
have contributed to these changes and impacted the outcomes? 
‘What-if’ queries: 
questions to identify 
confounders that could be 
measured with data 
available in electronic 
format in future 
evaluations to monitor the 
factors elicited by the 
interviews 
a) Are there any other process or outcome with data available in 
electronic format that could be measured as a confounder 
(potential alternative explanation to the impact observed) for 
monitoring the changes previously discussed?  
 
b) Other what-if queries were identified during the interviews based 
on the complementary factors described by interviewee.   
 







Table 6S.2 – Interviewees’ characteristics 
Intermountain leaders and staff  - Semi-structured interviews 
Age, years (SD) 44.2 (11.0) 
Female, n (%) 12 (40) 
Role, n (%)*   
Director 2 (14.2) 
Manager 4 (28.5) 
Physician 3 (21.4) 
Staff 5 (35.7) 
Consultant 1 (7.1) 
Department, n (%)   
ICU 5 (35.7) 
Primary Care 3 (21.4) 
Emergency Department 2 (14.2) 
Cardiovascular 2 (14.2) 
Infection Prevention 2 (14.2) 
Main educational background, n (%)   
Nursing 11 (78.5) 
Medicine 3 (21.4) 
Current field experience, mean years (SD) 16.0 (11.2) 
Experience with EHRs, mean years (SD) 14.7 (6.4) 
Time working at IH, mean years (SD) 15.4 (10.1) 
Source: Descriptive data collected at the end of each interview.  
Notes: *Number and percentage for role exceeds 14 and 100% respectively because some 


















The U.S. has reached widespread adoption of EHR systems, and, as a result, the 
literature exploring their impact on quality, productivity, and safety outcomes has also 
increased. However, such evaluations fall short on the use of standardized measurements 
that have the ability to detect diverse impacts introduced by health IT interventions. In 
addition, the ongoing effects of EHR implementations are frequently ignored since 
studies available rarely test the impact of their interventions over time, and have not 
focused on the identification of organizational factors potentially affecting the outcomes 
during the implementation. In the traditional paradigm of health IT evaluations, the lack 
of robustness of study design limits the detection of time-sensitive effects and the 
reporting of standardized measurements that can facilitate comparison of outcomes across 
studies, leaving unanswered questions as to the impact of health IT interventions.   
In this dissertation we explored the feasibility of detecting a broad range of time-
sensitive performance changes during a commercial EHR implementation on quality, 
productivity, and safety outcomes, by monitoring a large set of outcomes measures likely 
impacted by such interventions. To allow a more general understanding of health IT 





new EHR implementation, that may introduce time-varying effects, and therefore may 
impact care outcomes. Based on previous literature reporting and input from experts in 
the field, we identified a wide range of relevant outcome measures for assessing EHR 
implementations. Therefore, rather than arbitrarily selecting a narrow set of outcome 
measures, we monitored a large-scale commercial EHR implementation covering a wide 
range of relevant outcomes. We also monitored these outcomes over time in order to 
detect ongoing effects commonly introduced by health IT interventions. This approach is 
aligned with recommendations from experts in the field who suggest that more robust 
evaluations are necessary to increase the understanding of the impact of health IT 
adoption. According to these experts, the evaluations must include multiple components 
of the health care value chain, and consider the ongoing effects of health IT adoption, 
since health IT value accrues over time [1]. Furthermore, in order to make general 
conclusions about health IT impact, other aspects not directly related to IT must be 
explored, as demonstrated by studies of IT adoption in other sectors of the economy [2-
3].               
In an attempt to increase the understanding of the impact of EHR adoption and 
empower researchers in charge of future evaluations, we have conducted four studies that 
follow a logical flow. First, we conducted a secondary analysis of a previously published 
systematic review and identified the most commonly reported outcomes for assessing 
health IT interventions (Chapter 3). However, this initial inventory did not provide 
comprehensive coverage of productivity and safety care processes and the studies 
reporting these outcomes did not provide evidence of their ability to detect health IT 





experienced health care leaders and national informatics experts, and identified other 
relevant outcomes not commonly reported in the literature (Chapter 4). After having 
identified a wide range of relevant measures converging several quality, productivity, and 
safety care processes, we conducted the largest evaluation of a commercial EHR 
implementation so far, to test the ability of our method to detect various patterns of 
impact and time-sensitive effects. The method was successfully tested and we identified 
various mixed-effects and patterns of impact with far-reaching implication for health care 
leaders across the country (Chapter 5). Despite the diverse set of impacts detected, we 
still had not elicited other factors directly or indirectly related to the new EHR 
implementation that could have affected these outcomes alongside the new EHR. We 
then conducted a qualitative analysis guided by the results of our longitudinal quantitative 
evaluation and identified several factors perceived by users that affected the outcomes 
during the new EHR implementation (Chapter 6). These studies demonstrated that 
commercial EHR implementations in large care delivery systems introduce a wide range 
of performance changes and that our proposed methodology allows detection of these 
changes over time. They also demonstrated that the breadth and depth of the impact will 
not be covered by monitoring only the primary outcomes, but also by identifying and 
monitoring organizational factors affecting them. These factors may impede users’ 
proficiency in the new system, leading to decreased efficiency and the introduction of 
negative impacts on care outcomes, and deserve further attention from the broader 






7.2 Significant Contributions 
This research delved into the complexity of care processes and several sociotechnical 
factors that need to be systematically monitored in order to detect the various impacts 
introduced by EHR implementations, and provides significant contributions to the 
informatics community. The first study proposes the first inventory of health IT impact 
measures and a taxonomy to classify these measurements into various measurement 
types. The second study expands the previous one by providing a more robust inventory 
of relevant outcome measures for assessing EHR implementations with data readily 
available in electronic format. The improved inventory and taxonomy will help 
researchers to find gaps in their measurement approaches and report more standardized 
measurements to facilitate comparison of outcomes across studies by future systematic 
reviews – and potential meta-analysis. As demonstrated by the third study, the use of our 
systematic methodology will guide health care leaders, health IT vendors, and the broader 
medical and informatics communities by informing what and how to continuously 
monitor future similar implementations. The method can be used to detect unexpected 
effects earlier and more precisely, allowing the implementation of effective responses to 
mitigate negative impacts. Furthermore, the use of data readily available in electronic 
format from two distinct EHR systems (Intermountain’s legacy systems and Cerner’s 
EHR) demonstrates that our proposed measures do not depend on a specific EHR, which 
increases generalizability of our method to other settings. The fourth study is the first one 
in the health care industry to explore organizational factors that may have affected the 
performance changes observed during an EHR implementation. It also reports multiple 





these factors in future evaluations.  
Last, this dissertation implies that the use of our method in future evaluations and the 
continuous identification of relevant measures, factors, and covariates, will be of 
paramount importance to progressively lead us to a better understanding of the impact of 
IT interventions in health care. 
 
7.3 Limitations 
The research described in this dissertation has several limitations. We acknowledge 
that our proposed inventory of measures may not cover all relevant care processes likely 
impacted by health IT interventions, and that measurements that are relevant today may 
not be relevant tomorrow. The inventory may need to be revised and updated in the 
future.  
Intermountain Healthcare has extensive experience with informatics applications and 
the commercial EHR implemented replaced homegrown legacy systems. It is unknown 
whether this compromises generalizability to settings replacing a commercial EHR with 
another commercial product; nonetheless, the proposed methodology does not rely on any 
of the components of the legacy system and could be applied to any setting using any 
EHR system.  
Due to ongoing mappings between Intermountain’s legacy systems and Cerner’s EHR 
databases, we were not able to include over half of the measures in our inventory and 
may not have detected all performance changes that happened during the implementation.  
Information obtained in the interviews in region 4 was susceptible to the personal 





implementation region, which may have compromised identification of other factors.  
Lastly, although we identified several covariates to test the hypothesis that the factors 
identified can affect the outcomes measured, we were not able to add these covariates to 
our methodology in the present research in order to test this hypothesis.  
       
7.4 Future Directions 
 The research described in this dissertation could lead to important changes in future 
evaluations of IT interventions in health care. We propose the use of our measures along 
with their proposed nomenclature in future evaluations of health IT adoption to facilitate 
standardized reporting of outcomes in future studies. We also propose a continuous 
identification of new measurements and the development of an ontology that maps these 
measures to standardized medical vocabularies included in the Unified Medical Language 
System (UMLS) [4], to facilitate measurement and reporting of outcomes in future 
evaluations. To researchers conducting future systematic reviews of health IT 
evaluations, we propose the use of our taxonomy to facilitate classification and 
comparison of outcomes across future studies for the identification of patterns of impact 
and outcomes more likely to be negatively or positively affected by health IT 
interventions.  
 Rudin et al. [1] estimate that without improved research designs, around 100 
hypotheses per year will continue to be tested without providing any valuable knowledge. 
As demonstrated by this dissertation, EHR implementations introduce performance 
changes to multiple care processes, and such changes may affect care outcomes over time 





dedicated to hundreds of future evaluations that will add little or no value, we propose the 
use of our systematic methodology as a standard method for assessing health IT 
interventions. Without considering the ongoing effects of IT adoption in future 
evaluations, future systematic reviews will continue to lack essential information 
necessary to make more specific comparisons across studies, and therefore will continue 
to leave unanswered questions on the impact of health IT adoption. We hope that the 
several time-sensitive effects detected by our methodology can cause paradigm shift on 
the choice of research designs for health IT studies, producing more longitudinal 
evaluations as opposed to the frequently reported pretest-posttest studies. Also, in 
addition to including longitudinal evaluations and a wide range of outcomes, future 
studies must account for the influence of factors affecting the outcomes during EHR 
implementations. We propose future research exploring the impact of the factors 
identified in this dissertation and the continuous identification of other potential factors 
not detected by this research.     
Lastly, with an increasing adoption of commercial EHR systems by large care 
delivery networks and academic medical centers [5], it is critical for health care 
organizations to systematically monitor their EHR implementations. Monitoring should 
be present not only during the transition phase, but also continuously in order to detect 
changes caused by new versions, implementation of new modules, subtle changes 
introduced through configuration (e.g., CDS alerts, order sets), system malfunction, and 
human adaptation. Such monitoring can serve the purposes of both improving future 
scientific evaluations and detection of unexpected effects that can potentially compromise 





implementation. We recommend the development of a national real-time monitoring 
system that could be used for identification and comparison of unexpected effects 
introduced by health IT interventions. Such effects could be compared and shared among 
health care institutions for monitoring of deviations from baseline performance and 
implementation of effective strategies for mitigating negative impacts. This research 
builds the foundation for such a monitoring system. 
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